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Increasing societal energy demands linked to growing wastewater generation and treatment 
costs have led to a growing impetus for wastewater treatment plants to transition into renewable 
resource production facilities or biorefineries, which aim to valorize the organic carbon and 
nutrients found in wastewater streams into valuable renewable products such as transportation-
ready fuels or platform chemicals. Towards this vision, continued development of advanced 
methods for microbiological carbon accumulation and nutrient capture coupled with aqueous 
catalytic upgrading of the resultant biomass storage products presents two promising methods of 
advanced wastewater valorization: (i) conversion of microalgae biomass (which can be cultivated 
in wastewater effluent) into renewable fuel blendstocks through aqueous processing methods; and 
(ii) a proposed integrated process utilizing the biological polymer polyhydroxybutyrate (PHB; a 
storage product of mixed cultures selected from activated sludge) as feedstock to produce gasoline-
grade liquid hydrocarbons. 
The goal of this thesis is to advance the overall understanding of technological pathways 
for the production of liquid hydrocarbon fuel blendstocks from wastewater organic carbon and 
effluent nutrient streams by addressing critical barriers associated with either pathway using multi-
disciplinary experimental and modeling approaches, thereby contributing towards the realization 
of the wastewater biorefinery concept. The following research objectives were pursued towards 
this goal: (i) develop quantitative predictive models for microalgae hydrothermal liquefaction 
(HTL) processing, including an improved component additivity model and a new predictive model 
formulation that can be more easily applied to diverse microalgae species and HTL conditions; (ii) 
develop a unified techno-economic analysis (TEA) modeling framework for integrated microalgae 
biofuel systems to understand the influence of varying biomass compositions for varying 
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downstream aqueous processing pathways; (iii) prioritize research and development pathways for 
microalgae biofuel systems by identifying key system variables through sensitivity and uncertainty 
analysis based on the unified modeling framework; and (iv) evaluate vapor-phase continuous-flow 
catalysis for dehydration-decarboxylation of 3-hydroxybutyric acid (3HB; from the 
depolymerization product of PHB) to produce propylene, with a focus on Brønsted-Lewis acidity 
of amorphous silica-alumina (ASAs) heterogeneous catalysts and longer-term time-on-stream 
experiments to explore catalyst deactivation mechanisms. 
The first research objective was addressed by developing predictive relationships for HTL 
biocrude yield and other conversion product characteristics based on HTL of Nannochloropsis 
oculata batches harvested with a wide range of compositions and a defatted batch. A component 
additivity model (predicting biocrude yield from lipid, protein, and carbohydrate cell composition) 
was more accurate predicting literature yields for diverse microalgae species than previous 
additivity models derived from model compounds. Fatty acid (FA) profiling of the biocrude 
product showed strong links to the initial feedstock FA profile of the lipid component, 
demonstrating that HTL acts as a water-based extraction process for FAs; the remainder non-FA 
structural components could be represented using the defatted batch. These findings were used to 
introduce a new FA-based model that predicts biocrude oil yields along with other critical 
parameters, and is capable of adjusting for the wide variations in HTL methodology and 
microalgae species through the defatted batch. The FA model was linked to an upstream cultivation 
model (Phototrophic Process Model), providing the basis for an integrated modeling framework 
to perform predictive analysis of the overall microalgal-to-biofuel process. 
Building off results and findings from work addressing the first objective, the second and 
third research objectives were addressed by integrating a dynamic biological cultivation model 
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with thermo-chemical/biological unit process models for downstream biorefineries to increase 
modeling fidelity, to provide mechanistic links among unit operations, and to quantify minimum 
product selling prices of biofuels via techno-economic analysis. The unified modeling framework 
showed that cultivating biomass compositions to achieve the minimum biomass selling price or to 
maximize lipid content led to sub-optimal total fuel production costs. Furthermore, depending on 
biomass composition, both hydrothermal liquefaction (a whole-biomass conversion process) and 
a biochemical fractionation process were shown to have advantageous minimum product selling 
prices, which supports continued investment in multiple conversion pathways. Based on these 
results as well as data from sensitivity analysis, specific recommendations were made for the 
prioritization of research and development pathways to achieve economical biofuel production 
from microalgae, including a need to reduce uncertainty surrounding conversion parameters of 
individual compounds, which can be achieved by expanding the library of compositions and 
microalgae species used for model calibration and validation while also developing predictions for 
biocrude oil and product quality. Transitioning away from smaller-scale experimental samples 
towards pilot-scale or continuous-flow demonstrations, especially for microalgae biomass 
cultivation, would also provide higher fidelity prediction models for integrated system design. 
The final research objective was addressed by evaluating a novel catalytic pathway for 
conversion of 3HB into propylene through aqueous vapor-phase dehydration-decarboxylation 
(DHYD-DCBX) over ASAs using a continuous flow reactor. Experiments focused on examining 
the influence of varying Brønsted-Lewis acidities of ASAs on conversion and product selectivity, 
as well as longer-term time-on-stream stability under steam (vapor-phase) conditions. Complete 
conversion of 3HB was observed with propylene yields between 50–55 %C for SiAl 3113 during 
initial time-on-stream (6 h) testing, but yields decreased to 40 %C after 70 h with no indication of 
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stabilized performance. Recalcination of spent catalyst did not restore activity, and results from 
artificially steam-treated SiAl 3113 (i.e., 3HB absent) suggest deactivation due to long-term steam 
exposure, with reductions in surface area and pore volumes observed similar to the spent catalyst 
used to process 3HB. Propylene selectivity observed with different ASAs appeared to track with 
reported Brønsted acidities. In addition, Na+ blocking of Brønsted acid sites inhibited conversion 
to propylene, supporting the important role of Brønsted acidity in catalyzing DHYD-DCBX of 
3HB over ASAs. 
Overall, this thesis has addressed a number of critical barriers towards the production of 
renewable biofuels from wastewater organic carbon and nutrients, and in doing so has advanced 
the general science regarding integrated conversion of microalgal or microbial biomass to valuable 
products. Contributions from this thesis, in combination with opportunities for further work to 
expand upon the development of microalgae biofuels and renewable fuel production from waste-
derived PHB/3HB as described in this thesis, will undoubtedly continue to push the envelope on 
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Ever-increasing societal energy demands and wastewater generation have contributed to a 
growing impetus for wastewater treatment plants (WWTPs) to transition into renewable resource 
production facilities (herein referred to as wastewater biorefineries, or simply biorefineries).1,2 
Successful transition requires moving beyond prevailing anaerobic digestion (AD) technologies 
for biogas production (which suffers from low product value and low energy density)3,4 and instead 
producing higher value commodities which can easily enter existing markets.3,5 In this regard, 
research aiming to transform WWTPs into biorefineries have led to the development of pathways 
which broadly entail the funneling of waste organic carbon and effluent nutrients to promote 
biological accumulation of storage products by microorganisms (e.g., bacterial biopolymers or 
microalgal fatty acids)6–9, and then processing these storage products into more energy dense and 
valuable products, including transportation-grade liquid fuel blendstocks (Figure 1.1).10–12 
Because wastewater is typically >99% water, it is further expedient to pursue strategies which 
employ: (i) aquatic microorganisms which can utilize wastewater effluent to supplement biomass 
cultivation water and nutrient demands, alleviating the consumption of ever-scarce fresh water 
sources;8,13,14 and (ii) downstream conversion processes which either utilize water as the main 
reaction medium or are amenable to processing wet biomass (e.g., <20 %wt solids content), 
thereby eliminating energy-intensive drying steps.15,16 Based on these overarching principles, two 
strategies for conversion of wastewater-derived biomass storage products will be explored using 
two different approaches – experimental work in a continuous flow-through packed bed reactor 
and modeling work applying techno-economic analysis (TEA) techniques, respectively, given 
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different levels of technological maturity between either strategy – as part of this thesis, in order 
to jointly address critical barriers towards the production of renewable biofuels from wastewater 
organic carbon and nutrients, and advance the general science regarding integrated conversion of 
microalgal or microbial biomass to valuable products. 
1.2 Background and Challenges 
 The rise in development of renewable energy and resource recovery technologies has 
continued to drive significant research interest focusing on converting WWTPs into wastewater 
biorefineries which are capable of producing a range of valuable chemicals and renewable fuels 
from low-value waste streams (overview shown in Figure 1.1).1,9,17 WWTPs process a large inflow 
of organic carbon and nutrients, but to date energy recovery efforts have largely been limited to 
AD processes which generate biogas.3 AD-derived biogas suffers from insurmountable limitations 
due to its physical properties, including low energy density and difficulties in transport of the 
gaseous product, thereby restricting use to in-house combined heat and power (CHP) for 
WWTPs.3,4 More recent developments posit that the organic carbon and nutrients could instead be 
funneled through biological accumulation of storage products (e.g., bacterial biopolymers or 
microalgal fatty acids)6–9, which can subsequently be processed through refinery technologies into 
more energy-dense and ubiquitous commercial products (e.g., drop-in transportation fuels).10,11 
Wastewater biorefineries therefore have significant potential to address critical societal demands 
through the production of renewable fuels and chemicals as part of used water treatment, and 
society stands to benefit from various concepts with viable paths towards demonstration and 
eventual integration of such technologies. Based upon the principle of integrated biological 
funneling and downstream conversion of storage products and towards a common goal of realizing 
the wastewater biorefinery concept, a number of strategies at differing levels of technological 
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maturity are currently being pursued by researchers. Two such strategies will be explored as part 
of this thesis and are discussed in greater detail in the respective following sub-sections (Sections 
1.2.1 and 1.2.2, respectively). 
1.2.1 Unified modeling framework to predict biofuel production from microalgae 
Integration of microalgae biomass cultivation with wastewater effluent for enhanced 
nutrient removal through phototrophic, open-pond cultivation systems9,13 presents unique 
opportunities for energy and nutrient recovery during wastewater treatment through the 
sequestration of solar energy during phototrophic biomass growth on waste nutrients,3,8,18 where 
the biorefinery concept can be realized through the production of biofuels following downstream 
conversion of harvested microalgae biomass. While presently-available technology remains a 
number of years from full-scale demonstration of a wastewater biorefinery based on microalgae 
biomass production and upgrading, research on standalone microalgae biofuels systems is 
currently being pursued in recognition of the distinct advantages of microalgae biomass including 
the potential for high aerial productivities surpassing those of terrestrial feedstocks,19 tunable 
compositions (lipids, proteins, and carbohydrates) through the accumulation of lipids and 
carbohydrates,15,20 and options for various aqueous downstream conversion processes (to 
minimize energy-intensive drying steps) to produce renewable diesel blendstocks (RDB) either 
through whole biomass conversions (i.e., through hydrothermal liquefaction or HTL) or 
fractionation of biomass components for targeted upgrading pathways (i.e., through combined 
algal processing, or CAP).15,21 
While extensive reviews on the current approaches and state of technology for cultivation 
of microalgae biomass (i.e., using dedicated biomass cultivation farms without upstream 
integration with WWTPs) can be found in several recent publications19,22,23 including that as 
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published by the US Department of Energy Bioenergy Technologies Office (BETO),24 a general 
overview is briefly discussed here to provide context for the following discussions. Pilot-scale 
demonstration facilities have been established in recent years with the goal of demonstrating 
larger-scale algal cultivation (i.e., scaling up from flask-scale cultivation), such as the Kona 
Demonstration Facility (247 acres with a reported annual average productivity of 23 g∙m-2∙d-1 
biomass) by Cellana LLC,25 and the Columbus Algal Biomass Farm (200 acres with a reported 
annual average productivity of 15 g∙m-2∙d-1 biomass) by Sapphire Energy.23 While these 
productivity numbers are promising (25–30 g∙m-2∙d-1 as required to achieve BETO targets22), the 
overarching takeaways from these pilot facilities were the identification of a number of critical 
barriers towards further development, such as the scaling of farm designs in order to replicate 
experimental benchmarks (a typical full-scale farm is estimated to be around 5000 acres22), as well 
achieving reliable production of biomass by maintaining culture stability.24 Recent TEA estimates 
based on future projections (i.e., assuming some level of technology maturity leading to cost 
reductions) for prices of microalgae biomass produced from these large-scale farms range from 
491–580 $∙ton AFDW-1 depending on microalgae species and target composition,22 but whether 
these prices can be achieved or even surpassed by actual cultivation farms remains to be seen. 
HTL converts whole wet microalgal biomass thermochemically under high temperature 
and pressure to HTL biocrude oil, which can then be further upgraded to RDB through catalytic 
hydrothermal gasification (CHG) processes.15,26,27 Whole wet biomass processing methods such 
as HTL-CHG benefit from reduced energy demands by eliminating the need for drying of biomass 
and extraction of select macromolecular components (e.g., fatty acids as required in 
transesterification processes), and biocrude oil yields have been demonstrated to be strongly tied 
to biomass compositions.15 Although present research focusing on HTL-CHG technologies are 
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primarily confined to the laboratory with bench- and continuous flow-scale reactors with no 
reported microalgae HTL-CHG plants operating at full scale (e.g., at nameplate capacity of 50–
100 million gallons per year of current bioethanol refineries),24,28,29 the transition to pilot plants 
(e.g., 1 million gallon per year or less) is currently undergoing in several locations across the globe 
spearheaded by various research and corporate entities (e.g., Sapphire Energy Inc., and Genifuel 
Corporation in partnership with the Pacific Northwest National Laboratory).24,29 Further 
information on these piloting efforts are available in recent reviews performed by US BETO24 and 
separately by Elliott29. TEA studies performed by Jones et al. on full-scale microalgae HTL-CHG 
RDB production, for a single biochemical composition, estimates a minimum diesel selling price 
(MDSP) of 4.77 $∙gal-1 or 4.49 $∙GGE-1 (gasoline gallon equivalent),28 which is still some ways 
from the BETO goal of 3 $∙GGE-1 by 2022 for RDB from renewable biomass.30 
Biochemical fractionation methods such as CAP utilize the isolation and conversion of 
individual biomass constituents to fuels or products through separate processing steps (e.g., 
fermentation of sugars after acid hydrolysis of the whole biomass, and extraction and upgrading 
of lipids).21,31,32 Given that the fundamental principle of fractionation-type processes is in 
individually valorizing the various biochemical fractions in microalgae to their maximum extent 
in terms of market value,32 development is therefore primarily driven by: (i) improvements in the 
extraction (from within biomass cells) of the individual biochemical components; and 
subsequently (ii) processing these individual components to market-ready commodity 
products.24,32,33 For example, recent efforts by Knoshaug et al. demonstrated the production of 
succinic acid from the fermentation of biomass sugars as an alternative to the more traditional 
bioethanol, which led to significant improvements to overall process economics (exact values were 
not reported in the literature).34 Similar to the ongoing development of HTL-CHG however, work 
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on separation and targetted upgrading remains predominantly at the bench-scale, and challenges 
towards scaling-up to pilot demonstrations would be strongly influenced by having to decide on 
the myriad separations and upgrading processes – which can be informed by a better understanding 
of the influence of compositions on process economics. Recent critical reviews on CAP and 
fractionation-upgrading steps have been performed by Dong et al.33 and Laurens et al.32 which 
provide significantly more in-depth surveys and discussion of the development of CAP-type 
processes relevant to this discussion, but outside the scope of this study. TEA studies performed 
by Davis et al. on full-scale microalgae CAP RDB production (with ethanol as a side product) 
estimates an MDSP of 4.35 $∙GGE-1, which is on par with that reported for HTL as described 
earlier (4.49 $∙GGE-1), although it is expected that projected RDB prices will be strongly 
influenced by feedstock biochemical composition. 
Despite extensive study of individual unit processes and selective aspects of system-scale 
analysis,24 one of the foremost critical barriers to the overall advancement of microalgae biofuel 
systems is the persistent lack of understanding of how design and operational decisions (e.g., target 
biomass compositions or conversion pathways) influence integrated economic performance 
(Figure 1.2). While previous TEA modeling efforts have quantified key process results and 
economic indicators at the plant-scale for the production of microalgae biomass (wet biomass as 
the final product without downstream integration with conversion plants),22 and separately for 
downstream conversion of wet biomass through CAP or HTL (similarly without full upstream 
integration),28,30 the biomass compositions studied were either limited (e.g., three microalgae 
species with three individual compositions each in the case of the cultivation TEA22) or assumed 
static (e.g., TEA for HTL of biomass considers a single biomass composition28). Given that 
varying biomass compositions – obtained through the accumulation of lipids and carbohydrates 
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during cultivation15,20 – have been demonstrated to directly influence downstream conversion 
product yield and quality and hence overall economic performance,15,26,31 TEA model fidelity has 
to be improved by considering the full range of cultivable compositions within system-scale 
process simulations. 
Further compounding the critical barrier is the continued disparity between research in 
biomass cultivation and downstream processing technologies, where potential leverage points 
continue to be overlooked (e.g., the continued pursuit of high lipid cultivation strategies without 
due consideration of new processes which can suitably valorize the protein and carbohydrate 
fractions). The distinct contrasts between conversion mechanisms of pathways such as HTL and 
CAP – HTL converts whole biomass (using water at elevated temperatures and pressures15,26) to 
biocrude oil including proteinaceous feedstock which CAP does not specifically valorize 
(excluding final anaerobic digestion unit processes), whereas CAP better valorizes the 
carbohydrate fractions through the separate wet extraction and fermentation of sugars that 
otherwise contribute poorly to HTL biocrude yields21,26 – places significant emphasis on the need 
for deliberate pairing of upstream cultivation targets with appropriate downstream process in order 
to maximize system performance. However, such critical leverage specific to microalgae biofuel 
systems remains severely under-utilized as cultivation and downstream processing research 
continues to be conducted in disparate fashion, and the influence of manipulating biomass 
composition (e.g., through design retention times of accumulation ponds) on integrated system 
performance (e.g., the trade-offs between lipid accumulation and biomass productivity on fuel 
production and costs by varying downstream processes)15 remains little known. There is therefore 
an urgent need for a new design paradigm which seamlessly integrates cultivation and conversion 
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pathways through biomass composition, enabling both greater understanding and hence informed 
manipulation of dominant cost drivers across the integrated system.35 
Construction of high-fidelity integrated microalgal biofuel models relies in part on the 
quality of downstream process biomass-to-biofuel yield prediction models. As previously 
introduced, HTL converts whole biomass using water under elevated temperatures and pressures 
(200–350°C, 5–20 MPa) to convert biomass into liquid “biocrude” oil as the primary fuel product, 
as well as secondary aqueous-phase, gas phase, and residual solid products.36,37 Previous work 
focusing on microalgae HTL has shown that product yield and chemical properties of the biocrude 
are tied to all or some portion of the biomass composition.38 However, attempts to develop a 
broadly applicable component additivity model (i.e., linear summation of yields obtained from 
HTL of individual model lipid, protein, and carbohydrate compounds) have been limited as past 
efforts used non-algal based model compounds (e.g., sunflower oil, soy protein, corn starch), or 
focused on comparing HTL of different algae species, each with a single biochemical 
composition.38–40 Differences in species-specific factors such as cell wall thickness and ash 
compositions might affect the HTL process,41 introducing variability that obscures the true 
relationships between biochemical composition and HTL products – these limitations may be 
overcome by comparing HTL products obtained from a single microalgae species grown to 
variable cell compositions. Furthermore, component additivity models, while useful for estimating 
biocrude yield with proximate composition analysis, are unable to account for neutral and polar 
lipid fractions or fatty acid (FA) profiles of biomass, which are known to affect biocrude elemental 
composition, higher heating values (HHV), and molecular weight distribution.42,43 An alternative 
model structure which incorporates more detailed feedstock characterization, especially the energy 
dense lipid fraction, may reveal important effects from components that makeup these proximate 
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classes (e.g., FAs), and should be explored and contrasted against additivity models to determine 
viability. 
This thesis describes the development and demonstration of a novel TEA framework which 
considers the technological and economical implications of cultivating varying biomass 
compositions coupled with different downstream wet biomass processing options. Dynamic, high-
fidelity modeling of cultivation systems coupled with downstream modeling will provide 
integrated process RDB yields and costs across a comprehensive range of compositions, along 
with a better consideration of emerging technologies and process options. Towards this paradigm, 
cultivation modeling must account for the kinetics and stoichiometry of growth (i.e., the increase 
in functional biomass high in protein content) in the presence of nutrients, as well as the luxury 
storage of carbohydrates and lipids under nutrient-starved conditions.8 A complete spectrum of 
predicted biomass compositions and associated properties will be linked with modified plant-scale 
simulation models capable of predicting key integrated process results for variable biomass 
compositions (e.g., through the use of the component additivity model to be developed, or other 
competitive prediction models26), with additional considerations for the distinct contrasts between 
HTL and CAP, such as the differences in RDB quality and co-product streams.28,30 Variability in 
design, cultivation, and conversion parameters will be accounted for through sensitivity and 
uncertainty analyses with a focus on elucidating the key drivers and their relative impacts on the 
integrated system. Based on this proposed unified modeling framework, design of microalgae 
biofuel systems will be elevated through informed decisions regarding these critical entities where 
variable options present themselves. While the proposed scope of this TEA excludes studying 
biomass derived from microalgae wastewater treatment in order to focus analysis on the 
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conventional platform, design of the proposed unified modeling framework will allow future work 
to easily bridge analysis with wastewater-derived biomass. 
1.2.2 Integrated conversion pathway for biofuel production from wastewater-derived 
polyhydroxybutyrate 
Consistent with the general approach of harnessing biological processes to produce storage 
biopolymers from wastewater organic carbon as a strategy towards wastewater biorefineries 
(Figure 1.1), conventional wastewater treatment processes can be retrofitted to produce the 
biopolymer polyhydroxybutyrate (PHB; a polyester of 3-hydroxybutyric acid or 3HB) with no 
impact to effluent discharge quality.44–46 Production of PHB during wastewater treatment typically 
involves enrichment of a mixed culture capable of high levels of polyhydroxyalkanoate (PHA) 
accumulation by applying a feast-famine regime on conventional activated sludge biomass, 
followed by accumulating PHB in a side-stream batch reactor by feeding the selected mixed culture 
with waste organic carbon feedstocks.6,7,46,47 Research on this general approach has continued to 
spur innovations such as achieving PHB accumulation of up to 50–90 %cdw in mixed 
cultures,46,48,49 and treating used water to regulation standards at the pilot-scale concurrent with 
selection of PHB-accumulating mixed cultures, showing a clear potential for integration of PHB 
production with current WWTPs.44,45,50 While successfully demonstrated as a biological funneling 
pathway for recovery of waste organic carbon, a number of critical issues has prevented 
widespread commercial application of mixed culture PHB as a bioplastic.51 Recovery of high-
purity, high-quality PHB from within cell biomass remains dominated by techniques employing 
chlorinated and organic solvents,52,53 which severely contradicts the goal of achieving 
sustainability through these processes. Although various aqueous separation methods (e.g., NaOH 
or detergents) have been studied with the goal of reducing or eliminating solvent usage,54,55 they 
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have resulted in undesirable hydrolysis of PHB (affecting recovery yields) and other impacts on 
material properties crucial for polymers (e.g., lower decomposition temperatures, inclusion of cell 
biomass impurities, etc.).52,53,56 
As a result of these limitations, but recognizing the advantage of waste organic carbon 
recovery through PHB funneling, we propose that PHB can better serve as a feedstock for 
renewable fuel production through the integrated processing scheme depicted in Figure 1.3. PHB 
extracted from the cell biomass through mild aqueous-phase techniques54,55 can be depolymerized 
under hydrothermal conditions to produce a concentrated aqueous stream of hydroxy and alkenoic 
acid monomers (i.e., 5 %wt or more of 3HB and its dehydration analogue crotonic acid).57 The 
acid monomers can then be subjected to vapor-phase dehydration-decarboxylation (DHYD-
DCBX) reactions over solid acid catalysts (SACs; e.g., amorphous silica (SiO2) on alumina 
(Al2O3), or simply ASA)58 to produce a mixture of propylene, CO2, and water. The third and final 
step involves passing the propylene and CO2 stream over a second set of SACs (e.g., Amberlyst 
70) for oligomerization into liquid alkene products and concomitantly separating CO2.16 The 
proposed integrated process is equally suitable for other biopolymer analogues of PHB, such as 
PHV (valerate) or PHBV (alternating monomeric units of butyrate and valerate), both of which are 
commonly produced together with PHB, especially when longer chain volatile fatty acids (VFAs) 
are used as the waste carbon feedstock.59,60 
While the proposed integrated process presents a credible pathway towards the production 
of renewable fuel blendstocks from waste organic carbon streams through the wastewater 
biorefinery concept, vapor-phase DHYD-DCBX of 3HB over ASAs remains the least-understood 
within the integrated process, given that hydrothermal depolymerization of PHB and alkene gas 
oligomerization steps have both been explored to some degree.16,57 Although ongoing work by 
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researchers pursuing similar integrated processing schemes based on lignocellulosic feedstocks 
can provide guidance towards establishing similar reactions for 3HB,16,61 a number of key 
questions related to the application of ASAs for 3HB needs to be further explored. In particular, 
ASAs can be synthesized to achieve varying ratios of bulk Brønsted and Lewis acidities by 
modifying the amount of SiO2 loaded on Al2O3,62–65 and preference for predominant Brønsted or 
Lewis acidity (or even a mixture of both acidities) of the ASA largely depends on the feedstock 
compound, nature of the reaction, and target products.66 Understanding the role of bulk material 
acidity profiles on 3HB conversion and propylene carbon selectivity is necessary to inform 
material selection and customization towards achieving optimal catalyst activity. 
Another important facet of catalysis applications within the integrated process is longer-
term stability of ASAs in the presence of superheated steam (i.e., vapor-phase reaction 
conditions).67,68 Previous work exploring similar chemistries for vapor-phase decarboxylation of 
γ-valerolactone over ASAs have suggested coke deposition as the primary mechanism for catalyst 
deactivation, supported by the regeneration of catalysts through in situ calcination (thereby 
removing coke deposits and restoring activity).69 However, extensive literature studying the 
structural stability of porous ASAs under superheated steam have collectively shown that 
susceptibility of structural properties and surface functional groups to exposure by superheated 
steam varies significantly across reaction conditions, reactants, and material properties of the 
ASAs.67 Given that coking-based deactivation of ASAs is likely reversible through in situ 
calcination, whereas material-based structural damage due to superheated steam is likely 
permanent – thereby suggesting implications to overall process cost and feasibility – it is necessary 
to elucidate the nature of catalyst deactivation for vapor-phase DHYD-DCBX of 3HB over ASAs. 
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In order to address these key research questions, this thesis devotes a chapter towards 
evaluating vapor-phase continuous-flow catalysis for dehydration-decarboxylation of 3HB to 
produce propylene, with a focus on varying Brønsted-Lewis acidity of ASAs and catalyst 
deactivation mechanisms. Reactions will be studied in a continuous-flow, packed-bed reactor to 
facilitate understanding of reaction mechanisms at a level more representative of pilot-scale 
systems. Commercial ASAs synthesized with varying SiO2:Al2O3 ratios (Grace DAVICAT® 
SIAL 3113 and 3125, with 13 %wt and 25 %wt loading of Al2O3, respectively) and pure γ-Al2O3 
will be tested, as well as the use of Na+ exchanged catalyst samples to determine the contribution 
of Brønsted acidity. Activity of steam-aged ASAs (i.e., pure water vapor over ASAs for a 
predetermined amount of time) will be compared with ASAs subjected to coking experiments (i.e., 
extended time-on-stream experiments), and regenerative capabilities of coked ASAs will be tested. 
Intellectual contributions derived from addressing these questions will establish a fundamental 
understanding of the PHB-to-fuels pathway, which further work can build upon towards the 
realization of biofuel production from wastewater organic carbon. 
1.3 Research Goals and Objectives 
Our research goal is to advance the overall understanding of technological pathways for 
the production of liquid hydrocarbon fuel blendstocks from wastewater organic carbon (through 
the PHB schematic) and effluent nutrient streams (through microalgae cultivation), thereby 
contributing towards the realization of the wastewater biorefinery concept. A research plan is 
designed to address the critical barriers specific to either the unified microalgae biofuel modeling 
framework, or the integrated PHB conversion and upgrading process, given that at present both 
are at differing stages of technological maturity. Objective 1 aims to develop quantitative 
predictive models for microalgae HTL processing, Objectives 2 and 3 are related to the 
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development of the unified modeling framework and identification of key design variables through 
sensitivity analysis, and Objective 4 pertains to evaluating the upgrading of acid monomers 
through vapor-phase catalytic reactions. 
Objective 1: Develop quantitative predictive models for microalgae HTL processing 
including an improved component additivity model; and, if supported by analytical evidence from 
the in-depth analytical suite employed in this study, a new predictive model formulation that can 
be more easily applied to diverse microalgae species and HTL conditions. Despite extensive 
reports on factors influencing microalgae cell composition during cultivation and separate reports 
on HTL products linked to cell composition, the field still lacks a quantitative model to predict 
HTL conversion product yield and qualities from feedstock biochemical composition. To address 
this gap in research, quantitative predictive models will be developed from measured experimental 
data described in Leow’s Master’s thesis quantifying the influence of Nannochloropsis oculata 
batches harvested with a range of varying compositions on HTL biocrude yield and quality.70 We 
hypothesize that a component additivity model will be more accurate (measured in terms of 
coefficient of determination values) in predicting literature yields for diverse microalgae species 
as compared to previous additivity models derived from model compounds. We further 
hypothesize that a new FA-based model which predicts biocrude oil yields along with other critical 
parameters can be developed from FA profiling of the biocrude product and initial feedstock FA 
profile of the lipid component, and is capable of adjusting for the wide variations in HTL 
methodology and microalgae species through the defatted batch. 
Objective 2: Develop a unified TEA modeling framework for integrated microalgae 
biofuel systems to understand the influence of varying biomass compositions for varying 
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downstream aqueous processing pathways. The critical barrier to the overall advancement of 
microalgae biofuel systems is the poor understanding of how the extended suite of design and 
operational decisions influence integrated system performance. Presently available TEAs have 
been limited in scope focusing on either the upstream cultivation or downstream conversion unit 
processes without consideration for an integrated system,22,28,71 and thus the critical leverage 
through biomass compositions specific to microalgae biofuel systems remains severely under-
utilized. The proposed unified TEA modeling framework will expand the TEA scope to one unified 
system where modeled downstream conversion plants purchase biomass feedstocks from the 
modeled cultivation farm. Aside from anticipated integrated system performance variance due to 
varying compositions, we further hypothesize that across the complete compositional space, 
different downstream processes will prove to be the optimal selection over other options based on 
conversion mechanisms (i.e., no one process is dominant across all cultivable compositions). 
Objective 3: Prioritize research and development pathways for microalgae biofuel 
systems by identifying key system variables through sensitivity and uncertainty analysis based on 
the unified modeling framework. There is significant value in the identification of key integrated 
process influencers from amongst a plethora of design variables from both the cultivation and 
downstream processes; sensitivity analysis in particular can elucidate the key parameters which 
contribute more significantly towards integrated system results. We hypothesize that key process 
determinants (i.e., parameters with high Spearman’s rank correlation coefficients relative to others, 
based on the proposed sensitivity analysis methodology) will consist primarily of parameters 
related to biomass compositions (e.g., process fuel yield predictors based on composition) as 
opposed to plant-side factors such as equipment capital or operational costs, which will provide us 
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with a more comprehensively-informed basis for setting the future research agenda for microalgae 
biofuel systems. 
Objective 4: Evaluate vapor-phase continuous-flow catalysis for dehydration-
decarboxylation of 3HB to produce propylene, with a focus on Brønsted-Lewis acidity of ASAs 
and catalyst deactivation mechanisms. We hypothesize that an ASA-catalyzed vapor-phase 
dehydration-decarboxylation reaction previously demonstrated for the acid γ-valerolactone and 
other short-chain alkenoic acids (to produce butene) can be successfully applied to the monomer 
hydroxy-acid of PHB (i.e., 3HB) to yield propylene.16,72 Selectivity for propylene will be dictated 
by the acidic properties (i.e., Brønsted vs. Lewis acidity)58,73,74 of ASAs applied in the reaction, 
which is itself determined by the relative loadings of SiO2 on γ-Al2O3 (e.g., 13 %wt compared to 
25 %wt Al2O3, as well as pure γ-Al2O3). The contribution of Brønsted acidity to effectiveness of 
dehydration-decarboxylation will be further investigated by applying targeted Brønsted acid site 
deactivation (i.e., using Na+ exchange to nullify Brønsted acid sites74,75) and comparing results to 
unmodified catalysts. Catalyst longevity and deactivation mechanisms, as well as in situ 
regeneration methods, will be tested based on previous reports in the literature suggesting coking 
as the primary cause for deactivation (and therefore on-stream recalcination for regeneration 
purposes).65,69 
1.4 Thesis Outline 
The research objectives were addressed in the following chapters described, with personal 
and joint contributions as detailed: 
• Chapter 2 contains a manuscript published in Green Chemistry, entitled “Prediction of 
microalgae hydrothermal liquefaction products from feedstock biochemical composition”, 
17 
 
with co-authors J.R. Witter, D.R. Vardon, B.K. Sharma, J.S. Guest, and T.J. Strathmann. 
This work addresses research Objective 1 by developing quantitative predictive models for 
microalgae HTL processing including an improved component additivity model which was 
more accurate predicting literature biocrude yields for diverse microalgae species and 
compositions, as well as an FA-based prediction model which is capable of adjusting for 
wide variations in HTL methodology and microalgae species through the use of a defatted 
batch. This chapter is an outgrowth of work that was initially described in my Master’s 
thesis.70 
• Chapter 3 contains a manuscript entitled “A unified modeling framework to advance 
biofuel production from microalgae”, with co-authors B.D. Shoener, Y. Li, J.L. DeBellis, 
J. Markham, R. Davis, L.M.L. Laurens, P.T. Pienkos, S.M. Cook, T.J. Strathmann, and J.S. 
Guest. This work addresses research Objective 2 by developing a unified TEA modeling 
framework for integrated microalgae biofuel systems capable of quantifying the influence 
of varying biomass compositions and varying downstream aqueous processing pathways 
on integrated system economic performance indicators (e.g., fuel selling prices, as well as 
research Objective 3 by identifying research and development priorities for microalgae 
biofuel systems supported by sensitivity and uncertainty analysis based on the unified 
modeling framework. This chapter was a collaborative effort with the Colorado School of 
Mines (CSM), the National Renewable Energy Laboratory (NREL), as well as the 
University of Colorado, Boulder (UCB), with individual contributions including: (i) 
authoring of the manuscript; (ii) design and development of the downstream process 
modeling framework as well as analysis for the HTL model; (iii) uncertainty analysis for 
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the HTL process through Monte Carlo simulation; and (iv) integrated systems analysis and 
prioritization of research and development pathways. 
• Chapter 4 contains a manuscript in preparation entitled “Catalytic conversion of 3-
hydroxybutyric acid to propylene over amorphous silica-alumina in the vapor-phase”. This 
work addresses research Objective 4 by evaluating vapor-phase catalysis for dehydration-
decarboxylation of 3HB to produce propylene, using a continuous-flow, packed-bed 
furnace tube reactor designed, developed, and constructed in-house at CSM with support 
from Y. Li and D.R. Vardon, and technical guidance provided by reactor technicians at 
NREL. Influence of Brønsted-Lewis acidities of ASAs with varying loadings of SiO2 on 
Al2O3 along with selective deactivation of Brønsted acid sites was studied, as well as 
experiments related to catalyst deactivation attributed to either long-term coking or steam-
induced deactivation. 
• Chapter 5 contains a final summary of the work conducted in this thesis, as well as 






Figure 1.1 An overview of potential integrated biological-catalytic processing schemes for valorization of 
organic carbon and nutrient streams in wastewater. The general approach relies on biological processes 
to produce carboxylic acid/ester intermediates as biological storage products, which can then be upgraded 




Figure 1.2 The integrated microalgae biofuel system consists of design decisions which can have profound 
impacts on the final product selling price. Understanding the trade-offs between cultivation times (which 
influence biomass composition, productivity, and biomass selling prices) and downstream processing 
options (where product yields are influenced by biomass composition through different mechanisms) 
requires a unified modeling framework which enfolds these principles within analysis. Figure adapted with 




Figure 1.3 Proposed integrated processing schematic (top half, pink) for conversion of wastewater-derived 
PHB to transportation fuel blendstocks, with a simplified chemical pathway (bottom half, blue) to show major 
intermediates and products. 
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PREDICTION OF MICROALGAE HYDROTHERMAL LIQUEFACTION PRODUCTS 
FROM FEEDSTOCK BIOCHEMICAL COMPOSITION1 
2.1 Abstract 
Hydrothermal liquefaction (HTL) uses water under elevated temperatures and pressures 
(200–350 °C, 5–20 MPa) to convert biomass into liquid “biocrude” oil. Despite extensive reports 
on factors influencing microalgae cell composition during cultivation and separate reports on HTL 
products linked to cell composition, the field still lacks a quantitative model to predict HTL 
conversion product yield and qualities from feedstock biochemical composition; the tailoring of 
microalgae feedstock for downstream conversion is a unique and critical aspect of microalgae 
biofuels that must be leveraged upon for optimization of the whole process. This study developed 
predictive relationships for HTL biocrude yield and other conversion product characteristics based 
on HTL of Nannochloropsis oculata batches harvested with a wide range of compositions (23–59 
%dw lipids, 58–17 %dw proteins, 12–22 %dw carbohydrates) and a defatted batch (0 %dw lipids, 
75 %dw proteins, 19 %dw carbohydrates). HTL biocrude yield (33–68 %dw) and carbon 
distribution (49–83%) increased in proportion to the fatty acid (FA) content. A component 
additivity model (predicting biocrude yield from lipid, protein, and carbohydrates) was more 
accurate predicting literature yields for diverse microalgae species than previous additivity models 
derived from model compounds. FA profiling of the biocrude product showed strong links to the 
initial feedstock FA profile of the lipid component, demonstrating that HTL acts as a water-based 
extraction process for FAs; the remainder non-FA structural components could be represented 
 
1 A modified version of Chapter 2 was published in Green Chemistry, 2015, 17, 3584–3599. (S. Leow lead author 
with co-authors J.R. Witter, D.R. Vardon, B.K. Sharma, J.S. Guest, and T.J. Strathmann). 
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using the defatted batch. These findings were used to introduce a new FA-based model that predicts 
biocrude oil yields along with other critical parameters, and is capable of adjusting for the wide 
variations in HTL methodology and microalgae species through the defatted batch. The FA model 
was linked to an upstream cultivation model (Phototrophic Process Model), providing for the first 
time an integrated modeling framework to overcome a critical barrier to microalgae-derived HTL 
biofuels and enable predictive analysis of the overall microalgal-to-biofuel process. 
2.2 Introduction 
The growing scarcity of fossil fuel resources combined with transportation systems and 
infrastructure that rely heavily on low-cost liquid fuels has created a critical need for the 
development of economical and sustainable pathways for production of bio-renewable liquid 
fuels.1,2 Algal biofuels have attracted growing attention based on the documented advantages of 
microalgae feedstocks, including relatively low nutritional requirements and use of non-arable 
land for cultivation.1,3–6 There is growing interest in converting whole wet biomass like microalgae 
to liquid “biocrude” oil via hydrothermal liquefaction (HTL) processes that use subcritical water 
at elevated temperatures (200–350 °C) and pressures (5–15 MPa) as the reaction medium,7,8 
conveniently eliminating energy intensive drying steps.9 A unique facet of microalgae feedstocks 
pertinent to HTL is the high degree of control over biochemical composition during cultivation,10,11 
such as the accumulation of energy-dense lipids or fatty acids (FA) in cells under depletion of 
nitrogen in culture media.11,12 Since HTL is directly affected by cell composition,13–15 it follows 
that the composition of feedstocks can be tailored to achieve optimized HTL product yields, 
biocrude oil quality, and net energy recovery of the biofuel production system (Figure 2.1). 
Such synergy unique to microalgae-HTL processing is achievable only through a detailed 
understanding of the relationships between feedstock biochemical composition and HTL product 
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characteristics which, to date, remains poorly understood. This knowledge gap results in a lack of 
predictive models quantitatively linking HTL product yield and quality to feedstock 
characteristics. Development of robust prediction models allows for integration with upstream 
microalgae cultivation models such as the Phototrophic Process Model (PPM),11 forming an 
integrated modeling framework (Figure 2.1) that can predict important outcomes of the overall 
microalgae-HTL process using cultivation inputs (e.g., energy demand, nutrients, irradiance) to 
yield biocrude conversion outputs (e.g., biocrude yield, energy density). This framework would, 
for the first time, allow a comprehensive system-scale modeling of broad interest to microalgae 
HTL research areas, and to address a long-standing critical barrier to the integration of 
hydrothermal processing into microalgae biofuel production systems.1,3,4 
Previous work focusing on microalgae HTL has shown that product yield, chemical 
properties of the biocrude, and the carbon and nitrogen distributions between the different HTL 
product fractions (i.e., biocrude, aqueous, solid, gas) are intrinsically tied to all or some portion of 
the biomass composition.13,16 To this end, initial predictive model development by Biller and 
Ross13 sought to estimate biocrude yield by linear summation of the yields obtained from HTL of 
individual model lipid, protein, and carbohydrate compounds (termed here as component 
additivity). The component additivity model was more recently revised by Teri et al.17 utilizing 
various mixtures of the same model compounds as Biller and Ross. Valdez and co-workers18 
introduced an alternative kinetics-based reaction network model which accounts for how the 
biochemical components and product distribution shift with respect to reaction time and 
temperature. Component additivity models, while useful for estimating biocrude yield with 
proximate composition analysis, are unable to account for neutral and polar lipid fractions or FA 
profiles of biomass, which are known to affect biocrude elemental composition, higher heating 
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values (HHV), and molecular weight distribution.19,20 Developing a model to predict additional 
parameters (e.g., %C and %N of the biocrude, C and N distribution to the product fractions, net 
energy recovery) is further critical to enable incorporation into overall algal biofuel system process 
models, techno-economic analyses (TEAs), and life-cycle assessments (LCAs).21,22 
Attempts to develop a broadly applicable additivity model that accurately characterizes the 
influence of biochemical composition on microalgae HTL product quality have been limited in 
part because past efforts used non-algal based model compounds (e.g., sunflower oil, soy protein, 
corn starch), or focused on comparing HTL of different algae species, each with a single 
biochemical composition.13,17,18 Differences in species-specific factors such as cell wall thickness 
and ash compositions might affect the HTL process,23 introducing variability that obscures the true 
relationships between biochemical composition and HTL products; these limitations may be 
overcome by comparing HTL products obtained from a single microalgae species grown to 
variable cell compositions. Moving beyond the limitations of additivity models to enable 
prediction of biocrude quality, a new model structure is needed that incorporates more detailed 
feedstock characterization (i.e., beyond crude proximate composition), especially the energy dense 
lipid fraction, which may reveal important effects from components that makeup these proximate 
classes (e.g., FAs). The use of FAs as the main variable would also allow seamless integration 
with the PPM, which outputs biomass productivity in terms of functional cell biomass and 
accumulation products (i.e., FAs).11 The model would ideally also be capable of adjusting for the 
variability in microalgae-HTL processing methodology (e.g., reaction time, temperature, 
microalgae species, recovery methods).14,24 
The objective of this contribution is to quantitatively assess the influence of variable 
microalgae biochemical compositions on the yields and characteristics of HTL products, and use 
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this information to develop quantitative predictive models for microalgae HTL processing 
including: (1) an improved component additivity model; and, if supported by analytical evidence 
from the in-depth analytical suite employed in this study, (2) a new predictive model formulation 
that can be more easily applied to diverse microalgae species and HTL conditions. This was 
accomplished by HTL of a single microalgae species, Nannochloropsis oculata, cultivated under 
conditions designed to systematically vary cell composition. Nannochloropsis was selected as a 
model microalgae species because of the wide range of achievable lipid contents10,12 and extensive 
reports on HTL of commercially available Nannochloropsis.18,25,26 Distribution of mass yields and 
biomass carbon and nitrogen between the HTL products were compared for different harvested 
batches. Biocrude bulk and chemical properties were also extensively characterized. Data was used 
to develop and calibrate models linking HTL products to feedstock composition, and model 
predictions were validated by comparison with HTL measurements of diverse microalgae 
feedstocks reported in literature. Robust HTL conversion models can potentially be used in 
conjunction with the PPM11 to predict key outcomes of the overall microalgae biofuel process, 
linking once-separate upstream cultivation and downstream conversion steps through a unified 
modeling framework. 
2.3 Methods 
2.3.1 Acquisition of algae biomass 
A flat-panel, acrylic photobioreactor (PBR) with a working volume of 3.5 L and 1 in. light 
path was constructed as previously described.11 Detailed operational methods and conditions of 
the PBR are provided in the Supplemental Information (SI Section 2.6.1). Starter cultures of 
Nannochloropsis oculata (strain CCMP525) obtained from the National Center for Marine Algae 
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and Microbiota (East Boothbay, ME) were used to inoculate the PBRs immediately upon arrival 
of cultures. Six batches of biomass with varying compositions were obtained by harvesting after 
varying periods of growth between 3–14 days. Batches harvested at longer cultivation times were 
expected to have larger lipid contents (and thus smaller protein and carbohydrate contents) as 
cultures typically transitioned from N-replete to N-deplete conditions after six days of growth. In 
order to demonstrate that the composition of a harvested batch and its subsequent HTL conversion 
were reproducible, two additional batches were harvested under conditions identical to the batch 
with the lowest lipid content. A defatted batch of Nannochloropsis was also prepared by extracting 
the lipids from harvested biomass using a 2:1 chloroform-methanol mix (Folch method) and 
freeze-drying the residual biomass solids after filtration and removal of extraction solvents.15 To 
supplement the cultivated batches, a slurry of Nannochloropsis (>70 %wt moisture) was purchased 
from Reed Mariculture (Campbell, CA) similar to previous HTL studies,20,25 and was processed 
as described above (two repetitions of rinsing and centrifugation followed by lyophilization) prior 
to use. Supplier documentation indicated the biomass was grown from the same strain used in 
batch cultivations here. 
2.3.2 Biomass composition analysis 
All biomass composition analyses were conducted on freeze-dried biomass samples. 
Moisture content was determined gravimetrically after drying samples at 105 °C for 1 h and 
desiccating for 30 min before weighing, and ash content was measured after heating the dried 
biomass at 550 °C for 30 min and desiccating for 30 min.11 C, H and N content was measured at 
the University of Illinois Microanalysis Laboratory (Urbana, IL) using an Exeter CE-440 
Elemental Analyzer. Oxygen content was estimated by difference (%O = 100% − %C − %H − %N 
− %Ash) assuming sulfur was insignificant based on previous reports and analysis conducted here 
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on representative batches (see SI).20,27 HHV was estimated from the elemental composition using 
the method of Dulong.13,20 Crude protein content was estimated by multiplying %N by 6.25.27 
Crude carbohydrate content was analyzed with the DuBois method.28 Crude lipid content was 
analyzed according to the Folch method.29 To further characterize the lipid content, neutral lipid 
(NL) and polar lipid (PL) fractions of the crude lipid extract were separated by solid phase 
extraction (SPE) and determined gravimetrically after evaporation of eluents.30,31 Details of the 
SPE method and classification of NL and PL are provided in the SI (Section 2.6.3). Fatty acid 
profiles of the biomass were determined by in-situ transesterification fatty acid methyl esters 
(FAMEs) analysis according to Laurens et al. (see Section 2.6.4 for details).32 
Raw results from the proximate biochemical analyses are provided in Table 2.4. 
Summation of crude lipids, proteins, and carbohydrates together with the ash and moisture contents 
ranged from 94.6–106.7 %wt, indicating that the methods used provided good mass balance 
closure, albeit with slight overestimations given that some of the proximate methods count the 
same components within biomass twice (e.g., glycoproteins contain both protein and 
carbohydrate).33 For subsequent analysis and model development, the proximate analyses of lipid, 
protein, carbohydrate, and ash contents of the Nannochloropsis batches were corrected to a 
summation of 100 %dw (% dry weight, by dividing by the summed total of all components and 
then adjusting for moisture) as shown in Table 2.1. 
2.3.3 HTL of biomass 
HTL of the harvested batches were conducted in duplicate using 6 mL 316-stainless steel 
tube batch reactors.18,20,25,34 Full details of the procedure can be found in the SI (Section 2.6.5). 
Briefly, de-ionized water was added to freeze-dried biomass samples to achieve an 80 %wt 
moisture slurry, approximately 4 g of which was loaded into the tube reactor under ambient air. 
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Reactors were sealed and placed in a preheated muffle furnace (Type 30400, Thermolyne) at 
300 °C for 30 min, followed by quenching the reaction by submerging in cold water. Biocrude oil, 
aqueous phase-dissolved solids, filtered solids and gas products were recovered and separated, and 
then measured gravimetrically and mass yields of the four product phases were reported as %dw 
of the input feedstock. A single set of HTL conditions was used here to enable greater focus on 
establishing the influence of microalgae cell composition on HTL products. The test conditions 
were selected based on optimal conditions in terms of yield and net energy efficiency widely 
reported to be within 300–350 °C and 30–60 min for both algal and lignocellulosic biomass 
feedstocks.14,25,35,36 
2.3.4 Product analysis and energy, C, and N distribution 
The biocrude product was analyzed for elemental composition and HHV via similar 
methods described for the biomass samples, except the ash content of biocrude was assumed to be 
negligible (%C + %H + %N + %O = 100 %).37 C and N content was used to calculate the 
distribution of biomass carbon and nitrogen to the biocrude product. Size Exclusion 
Chromatography (SEC; molecular weight distribution) and Simulated Distillation (SimDist; 
approximate boiling point distribution) were performed on biocrude products according to 
methods described previously.15,16 Fatty acid reference standards (Sigma-Aldrich) were also 
analyzed via SimDist to identify individual peaks observed in the biocrude boiling point profile. 
The FA profile of the biocrude was also quantified via the same FAMEs analysis procedure 
described for biomass samples.32 The Energy Consumption Ratio (ECR), defined as the ratio of 
input energy required for reactor heating to the output combustion energy available in the biocrude 
oil product,13,15 and the Energy Recovery Percentage (ER%), defined as the fraction of energy in 
the dry biomass feedstock recovered as energy in the biocrude oil,13,25 were also calculated; 
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detailed descriptions of the mathematical expressions, assumptions and parameters are provided 
in the SI (Section 2.6.6). 
Total Kjeldahl nitrogen (TKN), ammonia (NH3), nitrate and nitrite (NO3- + NO2-) and 
orthophosphate (PO43-) concentrations in the aqueous phase were analyzed by Midwest 
Laboratories (Omaha, NE). The fraction of microalgae-derived carbon distributing to the HTL 
aqueous phase product was determined by analysis of total organic carbon (TOC; Shimadzu TOC-
V CPN TOC analyzer), which has been reported as the dominant type of carbon (i.e., minimal 
inorganic carbon production).38 The fraction of nitrogen distributing to the aqueous phase product 
was determined by total nitrogen (TN), defined as the sum of TKN and NO3-/NO2-. Headspace gas 
was assumed to be 100% CO2 for the purpose of estimating biomass carbon distribution, based on 
past reports that the gas phase product from HTL of Nannochloropsis is predominantly CO2 
(91.5 %mol for HTL at 300 °C for 1 h and >93 %mol under alternative HTL conditions).20,25 C, 
H, and N contents of the solid phase products were analyzed via similar methods described for the 
biomass samples, except that composite samples were required for some batches (solid products 
were combined for Batches 4 and 5, and another for Batches 6–8) due to the low yield of solids 
generated during HTL reactions of these batches (results and details in Table 2.6). The measured 
C and N values were used to estimate the biomass carbon and nitrogen distribution to the solid 
phase products. 
2.3.5 Predictive modeling 
Calibration of a linear component additivity model for predicting biocrude yield was 
performed by multiple linear regression of biomass composition parameters (i.e., lipid, protein, 
and carbohydrates) against corresponding HTL biocrude product yields using the regression 
function available in the Microsoft Excel 2010 Data Analysis package (Analysis ToolPak). 
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Regression confidence level was 95% and intercept was set to zero. Calibration of an FA-based 
model was dependent on experimental observations. 
Model validation was accomplished by comparing predictions with measurements reported 
in microalgae HTL literature. Batch composition data and corresponding yields were obtained 
from 14 peer-reviewed journal papers for a total of 21 marine and freshwater microalgae species, 
and more than one composition for the same species was included if unique data were 
reported.15,18–20,23,25,26,38–44 The entire list of studies is provided in Table 2.3 along with species, 
proximate compositions, and biocrude yields. Results for HTL conducted at 300 °C, regardless of 
reaction time, were used to validate the component additivity model calibrated in this 
study.15,18,20,25,26,38–44 Model accuracy was compared against the component additivity models 
previously calibrated with model compounds.13,17 and the reaction network model18 by calculating 
the coefficient of determination (r2) values. Residuals were also analyzed to identify patterns, if 
any. Validation of the FA model was done using experimental data from the ten harvested batches, 
since FAMEs analysis has not typically been conducted in prior reports on microalgae HTL. 
To conceptually demonstrate an integrated modeling approach predicting overall system 
outputs and product characteristics from upstream cultivation inputs, the FA model developed in 
this study was combined with a lumped pathway metabolic model (the Phototrophic Process Model, 
PPM)11. Parameters used for the PPM modeling are described in the SI (Section 2.6.7). The 
execution of the integrated framework was meant as a demonstration of the potential of 
coordinated modeling of upstream cultivation and downstream conversion, and thus no further 
calibration was performed beyond that as described in Guest et al.11 
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2.4 Results and Discussion 
2.4.1 Composition of Nannochloropsis feedstocks 
Batches 1–8 were organized in order of increasing lipid content (Table 2.1). Batch 1 was 
obtained after solvent extraction of lipids (defatting), and Batch 2 was obtained from a commercial 
source (Reed Mariculture). Batches 3–8 were cultivated biomass samples harvested during 
exponential growth and after increasingly prolonged periods of N-starvation, resulting in batches 
with increasing lipid content (23.0–58.7 %dw, including Batch 2) and correspondingly decreasing 
protein content (58.1–17.1 %dw). Carbohydrate content varied to a lesser degree (13.2–22.2 
%dw). The defatted Batch 1 was primarily made up of proteins (74.7 %dw) and carbohydrates 
(19.4 %dw), which extended the range of compositions beyond those that could be achieved 
through cultivation alone. Elemental analysis (Table 2.1) showed that %C and %H increased while 
%N decreased with increasing lipid fraction, whereas %O remained fairly constant. As a result, 
estimated HHV values of the HTL feedstocks increased from 19.3 to 30.1 MJ∙kg-1, reflecting the 
growing content of energy dense lipids in the HTL feedstocks. Reproducibility of harvested cell 
compositions was demonstrated (Table 2.5). 
The range of proximate compositions of Nannochloropsis batches used in this study 
overlapped with both marine and freshwater microalgae species that have been previously studied 
as HTL feedstocks (Figure 2.2). The limited range of carbohydrates of harvested batches (15–25 
%afdw) is not expected to appreciably affect model development given that carbohydrates are 
considered to be the least significant contributor to HTL biocrude yields by a large margin.13,17 
Apart from that, the harvested batches extended well beyond the general range of compositions 
previously investigated, suggesting that conclusions drawn from conversions of Nannochloropsis 
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(a marine microalgae) in this study may be applicable to other marine and freshwater microalgae 
species as biofuel feedstocks.10 
Analysis of lipid speciation was conducted to determine if fatty acid (FA) content could be 
used as a key determinant for modeling purposes. Results (Table 2.1) revealed that the differences 
in lipid content were strongly attributable to the accumulation of neutral lipids (NL, 7.0–50.0 %dw; 
NL/protein ratio of 0.1–2.9), while retaining a fairly constant polar lipid (PL) content as indicated 
by the comparatively stable PL/protein ratio (0.3–0.6). Previous studies on the cultivation of 
Nannochloropsis have shown that increases in the NL fraction can be primarily attributed to the 
accumulation of triacylglycerides (TAGs).12,45 FAMEs analysis of the batches showed a trend 
similar to the NL content (13.6–52.0 %dw), consistent with the fact that the NLs are predominantly 
TAGs, which are the main source of FAs in microalgae biomass (noting that polar lipids do include 
FA-containing phospholipids).46 In all batches, palmitic (C16:0) and palmitoleic (C16:1) acids 
were the predominant FAs, along with comparatively smaller portions of myristic (C14:0), oleic 
(C18:1), eicosatrienoic (C20:3n3), and eicosapentaenoic (C20:3n5) acids. The predominance of 
these FAs is consistent with previous reports of FA content of Nannochloropsis species,12,27,45 
though their exact distribution among these FAs can vary widely with cultivation methods and 
across growth phases.47 
2.4.2 Influence of biochemical composition on product yields 
Product yield distribution results from the HTL conversion of Nannochloropsis batches are 
shown in Figure 2.3, arranged in order of increasing lipid content of the HTL feedstock batches. 
Biocrude oil yield increased from 33.2 to 68.3 %dw as feedstock lipid content increased, while 
aqueous phase yield decreased from 36.2 to 13.1 %dw. Replicate HTL of Batch 3 produced near-
identical product distributions (Table 2.5), demonstrating minimal variance of HTL products 
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resulting from batches of near-identical biochemical compositions. Biocrude yield from HTL of 
commercial Nannochloropsis (Batch 2 – 51.3 %dw at 23 %dw lipids) agreed with results reported 
by Valdez et al. (39 %dw yield at 9 %dw lipids)18 in that the smaller lipid content (likely due to 
the rinsing done here which removed salt as ash content) resulted in a corresponding decrease in 
biocrude yield as expected from the linear trend (r2 of 0.969) to lipid content shown in Figure 2.3 
(i.e., ~40 %dw biocrude yield is expected at 10 %dw lipid content). Batches 1–3 produced similar 
biocrude yields to other microalgae species with comparable compositions such as Chlorella and 
Dunaliella (43 %dw and 42 %dw yields, respectively).23,39 Results similar to lipid-rich Batches 4–
8 (with lipid content >46.8 %dw)  have also been observed for lipid-rich Chlorella (63 %dw yield 
for feedstock with 60 %dw lipids)44 under identical HTL conditions. 
Larger amounts of biomass carbon partitioned to the biocrude product (increasing from 
49.0 to 83.0%; Table 2.6 and Figure 2.3) as feedstock lipid content increased, which was largely 
matched by reduced carbon partitioning to the aqueous phase (decreasing from 33.6 to 9.6%; 
Table 2.6). The trends observed in Figure 2.3 indicate that the lipid content or some component 
thereof (likely the FAs) heavily influences the yield and carbon distributions of HTL biocrude and 
aqueous products. Additional analysis of the biocrude product would pinpoint the responsible 
component to be used as a baseline for predictive model calibration. 
In comparison to biocrude and aqueous yields, solid and gas phase yields from HTL are 
much lower (sum of both phases <25 %dw for all batches; Figure 2.3). Solid phase yields 
decreased from 11.7 %dw with the defatted Nannochloropsis batch to 1.8–4.4 %dw for Batches 
3–8. Gas phase yields were fairly static and showed no discernable trend with varying lipid content. 
Subsequent analysis and discussion will therefore focus on the biocrude and aqueous phase 
products because of their predominance in the observed mass balances. 
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2.4.3 Influence of biochemical composition on elemental distribution and energy balance 
The elemental composition and HHV of biocrude products and energy recovery analysis 
(ECR and ER%) of the varying batches are shown in Table 2.2. Slight increases for the %C and 
%H and decreases in %O of the biocrude were observed with increasing feedstock lipid content. 
Feedstocks produced HTL biocrude with lower %N (decreasing from 9.1 to 2.0 %N) as protein 
contents decreased, in agreement with previous reports that nitrogen-rich biomass produces HTL 
biocrude containing larger quantities of nitrogenous compounds.13,16 If the biocrude is not 
subjected to hydrodenitrogenation or other upgrading techniques to remove nitrogen, the %N is 
undesirable as a source for higher NOx emissions during combustion.16,48 Significantly lower %N 
in the biocrude could therefore be an important advantage that lipid-accumulated biomass offers 
over protein-rich feedstock. Interestingly, as the decreasing %N of biocrude would otherwise 
suggest, a larger percentage of feedstock N is actually transferred to the biocrude product as 
feedstock protein content decreased (Table 2.6), in part due to the much higher yield of biocrude 
for low protein feedstocks (i.e., there is relatively more biocrude volume to which partitioning of 
N-containing products can occur). 
Variation in the estimated HHVs of the biocrudes was found to be comparatively smaller 
(32.7–40.6 MJ∙kg-1, Table 2), relative to the breadth of biocrude yields observed (33.2–68.3 %dw, 
Figure 2.3). Thus, the marked improvement in ER% and ECR observed with increasing lipid 
content of the feedstocks (increase in ER% from 56.3 to 92.0% and decrease in ECR from 0.325 
to 0.127, respectively) was attributable disproportionately to the improvements in biocrude yield. 
ECR is highly dependent on moisture content of the HTL feedstock slurry, becoming more 
favorable at lower water contents.15 Given that the energy demand for dewatering steps during the 
harvesting of microalgae biomass has been identified as a major hurdle to the successful 
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implementation of microalgae biofuels,1,3 lipid-rich microalgae feedstocks exhibiting higher HTL 
yields and HHV may be more amenable to processing with higher moisture contents (i.e., favorable 
ECR with less dewatering).16 Similarly, higher ER% values reflect a greater recovery of embedded 
feedstock energy in the biocrude product, suggesting that a batch with more lipids would be 
advantageous if maximizing energy recovery in the form of biocrude oil is the primary goal. 
However, it must be noted that both the ER% and ECR only consider the HTL processing step and 
do not account for the energy inputs during upstream cultivation, harvesting or dewatering. Thus, 
economic and life cycle optimization of the overall microalgae HTL biofuel process may involve 
trade-offs that lead to an optimum harvested cell composition that is not simply targeting 
maximum lipid content. 
Recycling of the nutrient-rich aqueous phase product to upstream microalgae cultivation 
processes has been proposed as a key feature of microalgae HTL,8,39,42 insofar as suggesting it is 
essential for the microalgae HTL process to be feasible.1 The aqueous phase products from HTL 
conversion of the varying biomass batches in this study were analyzed for typical phototrophic 
nutrients (Table 2.7). TOC and TKN generally decreased as batch lipid content increased. 
Ammonia concentrations were roughly 50% of TKN for all batches, similar to previous reports for 
HTL of Nannochloropsis at comparable HTL conditions.24 Collective information from the 
literature reporting the successful cultivation of different species of microalgae from recycled HTL 
aqueous phases suggest that concentrations of 200–400 mg∙L-1 TOC, 50–150 mg∙L-1 TKN and 10–
60 mg∙L-1 PO43- allow algae to thrive in the aqueous phase-derived media.39,42,49 Decreasing 
dilution factors (estimated at 150 for Batch 1 to 40 for Batch 8, data not shown) to meet these 
concentrations indicate that HTL produces aqueous phase products that require smaller amounts 
of valuable water resources for dilution as biomass lipid content increases (Table 2.7).39 
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2.4.4 Influence of biochemical composition on biocrude oil characteristics 
In addition to yield and elemental content, HTL biocrudes were characterized through the 
determination of molecular weight (MW) and boiling point (BP) distributions, and FAMEs 
analysis. The MW distributions of the biocrude products displayed a similar pattern across the 
cultivated batches (Figure 2.9). The profiles converged towards the 200–300 Da range as biomass 
lipid content increased from Batch 2 to Batch 8, as indicated by the major peak centered around 
250 Da. SEC analysis of HTL biocrude from other microalgae species have shown distinctive MW 
distributions.15,50 The consistent profile patterns in Figure 2.9 therefore suggest that the biocrudes 
contained mostly similar compounds, with the major difference attributed to variations in quantity 
of a certain group of lipid-type molecules with MWs in the 200–300 Da region (e.g., FAs such as 
C16:0 – 256 Da and C18:1 – 282 Da). 
Simulated distillation (SimDist) analysis (Figure 2.4) showed that regardless of 
composition, the largest fraction of each biocrude fell in the 300–400 °C BP range, and the second 
largest in the 400–500 °C range, consistent with the boiling point fractions reported for other 
microalgae-derived HTL biocrudes.8,15,16 These two BP ranges make up the majority fraction of 
heavy vacuum gas oil (343–538 °C),16 which is typically catalytically upgraded in petroleum 
refineries into more valuable transportation fuels (e.g., gasoline, kerosene).51 Vardon et al.15 
observed minimal differences in the BP profiles of biocrudes from Spirulina and Scenedesmus 
species (e.g., ~31% in the 300–400 °C BP fraction for both microalgae) despite significant 
differences in biomass compositions. In contrast, there was a significant difference in the 300–400 
°C fractions of the harvested batches in this study, increasing from 27.6 to 74.7% of the biocrude 
with increasing lipid content (0–58.7 %dw lipids), a trend that was compensated for by decreasing 
amounts of biocrude in the other BP ranges. 
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FA profiles of the biocrude products were analyzed to explore the fate and recovery of the 
six major FAs identified in the Nannochloropsis feedstock during HTL conversion. The %dw 
yields as biocrude (i.e., % FA content × %dw yield) of the FAs were quantified and shown in 
Figure 2.5. Only four significant FAs (>1 %wt of biocrude; Figure 2.5) were observed in the 
biocrude products regardless of batch, with good recovery from the feedstocks being observed for 
the saturated FAs (SAFAs – C14:0 and C16:0; >87.8% average recovery) and mono-unsaturated 
FAs (MUFAs – C16:1 and C18:1; >83.2% average recovery). These four FAs became the 
dominant lipid component as batch lipid content increased, such as Batch 8 biocrude where the 
FAs constituted 62.0% of the biocrude, with C16:0 and C16:1 making up 21% and 22% of the 
biocrude, respectively (data not shown; cross-referenced from Figure 2.3). 
Conversely, almost no recovery of the poly-unsaturated FAs (PUFAs; C20:3n3 and 
C20:5n3) was observed in any biocrude (<2.5% average recovery). Brown et al.20 reported similar 
observations for HTL biocrude oil derived from Nannochloropsis, even where C20:5n3 was the 
predominant FA detected in the feedstock biomass.20 The susceptibility of PUFAs to reformation 
mechanisms under hydrothermal conditions is commonly attributed to the greater degrees of 
unsaturation.52–54 In particular, PUFAs have been shown to undergo polymerization in subcritical 
water,55 forming dimeric fatty acids that likely still partition to the biocrude phase despite being 
transformed. The poor PUFA recovery could also suggest that pre-treatment to convert the PUFAs 
into MUFAs or SAFAs (e.g., hydrogenation at lower temperature regimes where PUFAs are not 
susceptible to SCW hydrolysis) prior to HTL might be a viable strategy to improve the recovery 
of linear chain FAs, which are more amenable for upgrading into liquid fuel-type compounds.48 
Given that the dominant FAs (2 SAFAs and 2 MUFAs) all displayed good recovery in HTL 
biocrude compared to PUFAs, these 4 dominant FAs were lumped together as a single parameter 
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(C14–18) to determine a collective average recovery of 85.4% for SA/MUFAs (Figure 2.5). The 
good recovery observed for all feedstock batches (i.e., linear fit with r2 of 0.989) strongly suggests 
that C14–18 SA/MUFAs, and by extension any other SAFA or MUFA present in microalgal 
biomass, transfer largely intact to the biocrude after liberation from their respective TAGs and 
other FA-containing polar phospholipids. This general mechanism for the fate of FA-containing 
cell components explains the observed SEC and SimDist results as discussed above. The growing 
peak in the 200–300 Da region of the molecular weight distribution profiles observed for 
feedstocks with increasing lipid content (Figure 2.9) can thus be attributed to an increasing 
contribution of C14–18 FAs (MWs of 256–282 Da). SimDist analysis of individual model C14–
18 SAFAs and MUFAs revealed peaks that aligned with those observed in HTL biocrude samples 
derived from different Nannochloropsis batches (Figure 2.4). Together, this provides further 
confirmation that as the cell structure is broken down in subcritical water, the TAGs and 
phospholipids are hydrolyzed to free FAs that subsequently partition with other hydrophobic 
conversion products to form the biocrude phase.20,53,56 The near quantitative recovery of SAFAs 
and MUFAs in biocrude also affirm that the collective SA/MUFA content of the feedstock biomass 
would be a promising predictor variable when developing models for HTL conversion of 
microalgae feedstocks. 
2.4.5 Predictive modeling of biocrude yield and quality from algal biomass 
2.4.5.1 Prediction of biocrude yield and comparison to previous models 
Accurate models linking HTL products to feedstock characteristics are critical to enable 
assessment of integrated algal-based bioenergy production platforms that include this downstream 
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processing technology. Biller and Ross13 first proposed a linear component additivity modeling 
approach for biocrude yield in the form of Equation 2.1: 
Biocrude yield (%dw) = x × L + y × P + z × C Equation 2.1 
where x, y, and z are yield coefficients for conversion of the lipid (L), protein (P), and carbohydrate 
(C) fractions of the feedstock biomass, respectively. Biller and Ross calibrated the model by 
measuring HTL yields (at 350 °C, 60 min) of a model lipid (sunflower oil), protein (soy protein) 
and carbohydrate (starch) independently, obtaining Equation 2.2: 
Biocrude yield (%dw) = 0.80 × L + 0.18 × P + 0.06 × C Equation 2.2 
More recently, Teri et al.17 calibrated Equation 2.1 using the same approach and identical 
model compounds but at a HTL condition (300 °C, 20 min) more similar to the one in this study. 
It is noted that additional attempts to address cross-interactions between components by using 
mixtures of model compounds (e.g., a batch consisting of 33.3% of each component) provided a 
model with poorer accuracy,17 and therefore the model using single model compounds was 
selected here: 
Biocrude yield (%dw) = 0.95 × L + 0.33 × P + 0.06 × C Equation 2.3 
As a comparison, Equation 2.1 was calibrated by multiple linear regression with 
experimental data derived from the HTL of 10 batches of Nannochloropsis with varying proximate 
compositions (as %dw; Tables 2.1 and 2.5). This analysis resulted in an alternative set of model 
coefficients (Equation 2.4): 
Biocrude yield (%dw) = 0.97 (±0.10) × L + 0.42 (±0.07) × P + 0.17 (±0.35) × C Equation 2.4 
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Errors of coefficients (95% confidence levels) are shown in parentheses. Detailed results 
from the regression analysis including ANOVA, residuals, and Cook’s Distance (D) values are 
provided in Table 2.8, but the multiple R (0.999) and Significance F (6.142 × 10–10) values were 
highlighted to affirm the goodness of fit to Nannochloropsis batch data. Calibrated coefficients 
were insensitive to the compositions of individual batches given that Cook’s D values were <0.5 
for all data points except the defatted batch (Cook’s D of 12.5), which was expected since it was 
an artificially created batch with a composition of ~0 %dw lipids. 
The coefficients derived from HTL of Nannochloropsis (Equation 2.4) agreed with the 
principle of the biochemical components’ relative contribution yield given the coefficients have 
relative magnitudes of lipids > proteins > carbohydrates.13,17 However, all three coefficients were 
larger than previous studies obtained from model compounds (Equations 2.2 and 2.3). Yield 
predictions for all three component additivity models (Equations 2.2–2.4) by using compositions 
from all known microalgae HTL studies conducted at 300 °C, regardless of reaction time and 
comparing to published experimental results (Figure 2.6); recent work by Valdez et al. showed 
little effect of reaction time on HTL product yields at t > 20 min.18 Predictions by Equations 2.2 
and 2.3 (Figure 2.6) generally underestimated the experimental results, which could suggest that 
the cross-interaction mechanisms between the biochemical components during HTL of microalgae 
biomass could have had constructive effects on biocrude yields36 which were not sufficiently 
represented by the HTL of model compound mixtures.17 Alternatively, the selected model 
compounds were not representative of the component class within microalgae or were unable to 
account for conversion of the same components when initially encapsulated within the microalgal 
cell (i.e., complications such as cellular compartmentalization, protein matrix, and lipid bodies). 
In any case, due to the higher coefficients obtained using the Nannochloropsis data set, predictions 
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with Equation 2.4 (Figure 2.6) were generally more accurate and balanced in distribution (r2 of 
0.463), with similar patterns in the residuals among the additivity models (Figure 2.10). 
As an alternative to the linear component additivity approach, Valdez et al.18 proposed a 
reaction network model which attempted to account for the kinetics of various transformation 
pathways that individual biochemical components and the resultant HTL product fractions 
undertake during treatment in sub-critical water. Model formulation includes a set of first-order 
differential equations that define the evolution of each component (obtained via proximate 
analysis) and product fraction with respect to reaction time, and thus requires computational 
solvers to make predictions. One unique aspect of the reaction network model is that it seeks to 
predict the effects of both reaction time and temperature (e.g., HTL has been studied in the range 
of 5–90 min, 200–375 °C).18 Although the reaction network model was designed to apply to a 
wider set of conditions, here we compared predictions with the same validation data set (HTL at 
300 °C, all reaction times) as Equations 2–4 (Figure 2.6). The reaction network model predictions 
were generally more accurate than Equation 4 for experimental results within 35–45 %dw lipids 
(which constitute a significant portion of the calibration data), but over-estimated and largely 
under-predicted the yields for feedstocks with <35 %dw and >45 %dw lipids, respectively. Visual 
inspection of the residuals underscores this bias (Figure 2.10), suggesting that the structure of the 
reaction network model requires refinement to better characterize biocrude yield across a wider 
range of feedstock compositions. Thus, the model trades a decrease in average accuracy across a 
wide range of compositions (and hence biocrude yields) for increased accuracy within a small band 
of results (in this case, 35–45 %dw lipids). It is conceivable that future work to improve the 
component additivity model presented here (Equation 2.4) can adopt the approach used for the 
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reaction network model,18 using varying biomass compositions tested at a wider range of HTL 
conditions in order to develop even more robust prediction models. 
2.4.5.2 Predicting biocrude and aqueous phase yield from fatty acid content 
The component additivity and reaction network model approaches are limited to 
consideration of proximate components in the feedstock, neglecting the variable behavior of 
important subcomponent groups that define these crude classifications. Furthermore, use of the 
component additivity model will always be limited by the fact that HTL has been, and will continue 
to be, studied and operated at a wide variety of reaction conditions and potential microalgae 
species. Here, for the first time, the role of biomass FA content on HTL yield was evaluated in 
detail. The link between HTL yields and FA content was supported by a number of prior 
observations, including: (i) the excellent recovery of C14–18 SAFAs and MUFAs in HTL biocrude 
(Figure 2.5); (ii) the growing SEC peaks centered at ~250 Da in HTL biocrudes derived from 
batches with increasing FA content (Figure 2.9); and (iii) the dominance of the 300–400 °C BP 
fraction, consistent with the BPs of C14–18 model FAs which are liberated from neutral TAGs 
and polar phospholipids by hydrolysis in subcritical water (Figure 2.4).53,54 The evidence 
collectively suggests that the SA/MUFA content was a key determinant to the biocrude product 
yield in the 300–400 °C BP fraction, as evidenced by the strong linear correlation (Figure 2.7). 
The strong correlation served as the basis for an alternative “FA model” for microalgae 
that considers the behavior of FA and defatted biomass components separately. Compositional 
analysis (Table 2.1) suggested that for a single species cultivated for lipid accumulation, each 
harvested batch contained a baseline composition of structural compounds (e.g., PL/prot ratio 0.3–
0.6) along with varying degrees of FA accumulation as TAGs (0.59–52.0 %dw FAMEs). Thus, in 
the context of HTL conversion, lipid accumulation in microalgae biomass could be approximated 
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as increasing FA content on top of a baseline structural composition as represented by the defatted 
Batch 1 (noting that this is an approximation given that the defatting process via a Folch method29 
solvent mixture removes all lipids, some of which may be structural or functional). Although the 
recovery of the SA/MUFAs was ~85%, HTL of model lipids have shown that the hydrolysis 
products of these FAs would be incorporated into the biocrude phase (e.g., yield of ~95% biocrude 
from HTL of sunflower oil, after accounting for losses as glycerol).17 Despite the poor recovery of 
intact PUFAs, their content was also included together with the SA/MUFAs since the hydrolysis 
products of PUFAs under subcritical water conditions, and therefore the PUFAs themselves, are 
also expected to partition quantitatively to the biocrude phase as earlier discussed.54,55 The FA 
model is introduced here for both biocrude yield and aqueous phase yield which considers the 
contribution of FA and non-FA biomass components to HTL biocrude yield: 
Biocrude yield (%dw) = FAs + (defat BC yield) × (100% – FAs) Equation 2.5 
Aqueous phase yield (%dw) = (defat AQ yield) × (100% – FAs) Equation 2.6 
Equation 2.5 predicts biocrude yield as the summation of biomass FA content (FAs = 
%dw total FAMEs) and the yield from the non-FA fraction (100% – FAs) as determined by the 
HTL of defatted biomass of identical species. The model entails a straightforward and principally 
sound method to embrace the numerous degrees of freedom (e.g., conversion conditions, 
microalgae species) using the defatted batch product yield, which directly accounts for the species-
specific structural content of the target species and variations in HTL processing methods. The 
model also assumes that any accumulated carbohydrates would not markedly affect predictions 
given their low contribution to biocrude yield (i.e., coefficient of 0.17 from Equation 2.4). 
Equation 2.6 predicts the aqueous phase yield based on the yield obtained by the defatted batch 
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through the same principles for biocrude yield as described, and assumes insignificant 
contributions from FA components of the feedstock algae. 
The FA model predicted biocrude yields for batches with higher FA content (Batches 4–8; 
>38.6 %dw as FAMEs) accurately (Figure 2.7), while predictions slightly underestimated yield 
for lower FA content batches (<21.0 %dw FAMEs) at 82–88% accuracy (data not shown). The 
underestimations for lower FA content batches can be attributed, in part, to the significant portion 
of non-FA type lipid compounds (e.g. plant waxes, pigments; PL content 14.9–18.5 %dw) 
contained in these feedstocks, which end up being lumped together with the (100% – FA) 
parameter and multiplied by the low yield for defatted biomass (0.332). Presumably, a much larger 
coefficient should be applied to this portion of biomass (e.g., 0.97 as shown in Equation 2.4) given 
their larger contribution to biocrude yields. A possible future improvement would be developing 
a method to extract only FA-containing compounds (e.g., TAGs and phospholipids) from biomass 
in preparation of the defatted batch, thereby better preserving the non-FA lipids in biomass for 
enhanced model calibration. The aqueous phase predictions were opposite in terms of accuracy to 
the biocrude yields, where predictions were fairly accurate for low FA content batches (92–116%; 
data not shown) but overestimated for high FA content batches (125–152%; data not shown), 
suggesting more complex mechanisms involved in the prediction of aqueous phase yields that were 
not explored in this study. 
The FA modeling approach can be extended to predict other important HTL parameters 
(e.g., %CHNO, HHV, C/N distribution), as expressed in the general form: 
X = (FAs) × (X of FAs) + (100% – FAs) × (X of defat batch) Equation 2.7 
where X is the parameter of interest. For simplification, the representative parameters for the FAs 
were obtained from a weighted average of the six FAs in Batch 8 biomass (C14:0, C16:0, C16:1, 
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C18:0, C20:3n3, and C20:5n3; average %C = 75.9%, %H = 12.0%, %O = 12.2%). The biocrude 
%C, %H, and %O values were predicted using Equation 2.7 (Figure 2.7), and together with the 
predicted yields from Figure 2.7 the HHV, ECR and ER% could be calculated. Predicting the %C 
in biocrude and using predictions provided by Equation 2.8 for %N in biocrude allowed the 
distribution of biomass carbon and nitrogen to the biocrude phase to be calculated (Figure 2.7). 
While predictions were fairly accurate for %C, %H, HHV, and ECR, the %O was generally 
overestimated which led to less accurate predictions for the ER% (which is dependent on HHV 
and yield). The FA model can therefore provide reasonable estimates of biocrude yield and key 
quality parameters (e.g., %C, %N, HHV, and ECR) after calibrating for HTL of the defatted batch 
(at the chosen conversion condition and of the selected microalgae species, respectively), and using 
only the FAMEs and elemental analysis data of biomass for predictions. 
 Prediction of nitrogen content in biocrude precludes the use of the FA model given that 
FAs have no %N content. Instead, for this parameter a strong linear correlation (r2 of 0.933, Figure 
2.7) between both %N of biomass and biocrude indicates that a pre-determined fraction of protein-
derived N partitions to the biocrude phase regardless of protein content in the feedstock, thereby 
dictating the actual N distribution to the biocrude product, explaining the increase of biocrude 
phase distribution of N. The %N content of biocrude can thus be predicted as: 
Biocrude %N = 0.726 (±0.194) × Biomass %N Equation 2.8 
Errors of coefficients (95% confidence levels) are shown in parentheses. This served as a 
preliminary suggestion in predicting the %N content of biocrude based on the biochemical 




A systems-scale modeling approach of the complete microalgae cultivation to HTL 
conversion process by integrating a dynamic biological cultivation model (PPM)11 and 
thermochemical conversion model (the FA model introduced here) is demonstrated conceptually 
in Figure 2.8. The PPM uses a lumped pathway metabolic model of microalgae metabolism to 
predict the FA and non-FA content of cultivated biomass as a function of cultivation time and 
conditions (including light intensity, nutrient content, etc.),11 which can be directly linked to the 
FA model to predict downstream biocrude yield and energetic content (as HHV) of the biocrude 
product, in order to predict systems-level metrics (e.g., net energy return, NER) by comparing net 
energy yield to energy demand across all processes. For example, the qualitative representation in 
Figure 2.8 suggests that for shorter periods of cultivation there is a high probability for poor to 
negative net energy returns depending on the amount of energy required for cultivation and 
harvesting of biomass. Conversely, over-extending the cultivation period does not appear to result 
in significant improvements to biocrude yield and quality or potential recoverable energy despite 
increasing cultivation energy demand. The integrated prediction framework instead suggests an 
optimal growth period which balances cultivation and FA accumulation (Figure 2.8, green region), 
translating to improved biocrude yield and quality over the short period and a positive NER of the 
overall system compared to longer periods of cultivation. The model further implies an optimal 
cultivation period which provides the highest NER that systems would seek to achieve in order to 
maximize energy production. 
Ultimately, system optimization would be dependent upon microalgae growth and FA 
accumulation rates, HTL conversion conditions, and all other process parameters which would 
vary from system to system,10,14 which is where the PPM-FA-model approach would excel given 
59 
 
that it can be tailored to each end-user for a wide variety of predictive and system design 
applications (such as that shown in Figure 2.8),3,57 providing opportunities to tackle complex and 
interdependent questions in microalgae-HTL research such as the balance of energy-consuming 
cultivation for FA accumulation and energy return in the form of increased biocrude yield and 
quality.7,22 This section and Figure 2.8 demonstrates how overall process predictions that were 
previously unavailable to the microalgae-biofuel research community can now be utilized to 
address a multitude of key research questions moving forward.1,3,22 
In conclusion, the analyses of HTL products derived from Nannochloropsis batches 
cultivated with systematically varying compositions were used to inform the development of two 
predictive models for HTL biocrude yield, with the FA model able to predict other important 
outputs of the process (e.g., aqueous phase product yield, %CHNO, HHV). The FA model does 
not render the additivity model obsolete; it is expected that the additivity model would have lower 
barriers-to-entries of use given that the proximate analytical suite (i.e., lipid, carbohydrate, protein) 
is generally less complex compared to FAMEs analysis and calibration via HTL of a defatted 
batch. However, it bears repeating that the FA model is highly customizable for target HTL 
conditions and microalgae species of interest, allowing seamless integration with upstream 
cultivation models that predict composition of harvested biomass, as demonstrated with the PPM-
FA-model, to enable quantitative analysis of whole-system biofuel production operational costs, 
environmental sustainability such as the fate of gases produced from HTL reactions, and net energy 
return on investments.3,4 The integrated modeling framework, together with future research, will 
unlock the promised synergy in tailoring cell composition of biomass for optimizing biofuel 
production systems,7 presenting a new trajectory towards the realization of sustainable microalgal 
biofuel production. Finally, the integrated models would support more accurate techno-economic 
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and life cycle assessments (TEA/LCA) of microalgae biofuel production systems that incorporate 
HTL downstream processes, or vice versa, bringing considerable advancement in dealing with the 
multi-faceted, interdependent multiple-technology challenges of microalgal-biofuel research. 
2.6 Supplemental Information 
2.6.1 Photobioreactor operating conditions and biomass harvesting 
The PBR was UV-sterilized prior to adding 3.5 L of autoclaved modified f2 growth media 
following the recipe of Guillard and Ryther,58 with silica omitted and additional phosphate and 
nitrate added (0.03 g∙L-1 NaH2PO4∙H2O and 0.5 g∙L-1 NaNO3). Starter cultures of Nannochloropsis 
oculata (strain CCMP525) in L1-Si media obtained from the National Center for Marine Algae 
and Microbiota (East Boothbay, ME) were used to inoculate the PBRs immediately upon arrival 
of cultures. Interspaced blue and red LED lights mounted on a wall parallel to the reactor provided 
continuous illumination of 250 μE∙m-2⋅s-1 at the surface of the reactor. Temperature was maintained 
at 18 °C with a circulating water bath. A diffuser at the bottom of the reactor provided 2 L∙min-1 
of ambient air filtered through a HEPA filter for aeration and mixing. The culture was maintained 
at pH 7.8–8.2 with a pH controller and solenoid valve which delivered pure CO2(g) through the 
diffuser as necessary to reduce pH. Cells were grown in batch mode under axenic conditions and 
checked for contamination via light microscopy. To harvest biomass, a portion of the reactor 
suspension was removed, centrifuged at 6,300 × g for 15 min (Sorvall RC 6+), and supernatant 
was decanted. To remove residual salts from the culture media, biomass pellets were twice rinsed 
with deionized (DI) water (>18 MΩ∙cm) and centrifuged at 6,300 × g (Eppendorf 5810R) for 15 
min. To preserve the biochemical composition during storage prior to feedstock analysis and HTL 
processing, the wet harvested biomass was lyophilized (Model 77500 Freeze Dry System, 
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FreeZone) and the resulting solid was ground and homogenized with a mortar and pestle and stored 
at 4 °C. 
2.6.2 Sulfur analysis of batches 
In order to supplement the assumption of negligible sulfur content in the Nannochloropsis 
batches based on previous reports from Rebolloso-Fuentes et al.27 and Brown et al.20 (who both 
reported ≤0.65 %dw and 0.5 %dw, respectively), additional analysis for sulfur content was 
conducted for four representative batches of Nannochloropsis – the batch purchased from Reed 
Mariculture (Batch 2; 23.0 %dw lipid content and 0.11 %dw sulfur content), a low lipid batch 
(Batch 3; 30.7 %dw lipid content and 0.10 %dw sulfur content), a mid lipid batch (Batch 4; 46.8 
%dw lipid content and 0.07 %dw sulfur content) and a high lipid batch (Batch 8; 58.7 %dw lipid 
content and 0.04 %dw sulfur content) – via ICP-MS at the University of Illinois Microanalysis 
Laboratory (Urbana, IL) using a PerkinElmer SCIEX ELAN DRCe ICP-MS. Results support the 
assumption of negligible sulfur content in the representative batches. 
2.6.3 Method of crude lipid fractionation via SPE 
SPE fractionation was performed directly on crude lipids extracted via the Folch method.29 
The NL fraction is defined as the mix of compounds in the crude lipid extract with polarity less 
than or similar to triacylglycerides (TAGs),59–61 and includes compounds such as sterols, waxes, 
and carotenoids in addition to the TAGs. The PL fraction is defined as the mix of compounds with 
polarity greater than TAGs, and includes phospholipids, sphingolipids, and 
glycophospholipids.62,63 The SPE cartridge (Waters Sep-Pak cyanopropyl vac cartridges) was first 
conditioned with 10 mL of n-hexane and then loaded with approximately 30 mg crude lipids 
dissolved in 2 mL n-hexane. Elution with 8 mL of 9:1 hexane-diethyl ether provided the NL 
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fraction, which appeared as a yellowish oil-like substance after solvent removal. Subsequent 
elution with 8 mL of 2:1 chloroform-methanol followed by 4 mL of methanol yielded the PL 
fraction, which was a deep-green substance after solvent removal, indicating the presence of 
pigments and dyes such as chlorophyll. It is noted here that efforts have been made to reduce 
(minimizing volume used) and reuse (recovering solvents when applicable) the use of undesirable 
solvents (as defined by Alfonsi et al.64) in order to adhere to the principles of green chemistry. 
2.6.4 FAMEs analysis 
Fatty acid profiles of the biomass were determined by in-situ direct transesterification 
(transesterification was conducted on dried biomass) fatty acid methyl ester (FAMEs) analysis 
according to Laurens et al,32 modified by replacing methyl tridecanoate (C13:0 methyl ester) with 
methyl tricosanoate (C23:0 methyl ester) as the internal standard. After transesterification and 
extraction with n-hexane, FAMEs samples were analyzed with a HP 5890 Series II gas 
chromatograph with a flame ionization detector (GC-FID) equipped with a Restek Stabilwax 
column (30 m × 0.25 mm × 0.25 μm). Helium (2.5 mL∙min-1) served as the carrier gas and injector 
split flow was set at 50 mL/min. Oven temperature was held at 210 °C for 5 min, then increased 
to 250 °C at a rate of 20 °C∙min-1 and held for 12 min. The injector and detector were set to 250 
°C. A 0.5 μL injection volume was used, and two injections were made for each sample. GC-FID 
response peaks were calibrated and quantified with F.A.M.E. mix analytical standard (Sigma-
Aldrich #18919). Concentration was normalized to the recovery of the internal standard and 
reported as percent dry weight of biomass (%dw as FAMEs). 
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2.6.5 HTL and product recovery method 
HTL of the harvested batches was conducted in duplicate using 316-stainless steel tube 
batch reactors. The method was adapted for 6 in. tubes (3/8 in. outer diameter, 0.049 in. wall 
thickness, and 5.93 mL working volume) plugged with Swagelok® stainless steel-316 port 
connectors on both ends. Deionized (DI) water was added to freeze-dried biomass to obtain an 80 
%wt moisture slurry, approximately 4 g of which was loaded into the tube reactor under ambient 
air, which also served as initial reaction headspace gas. Reactors were placed in a preheated muffle 
furnace (Type 30400, Thermolyne) at 300 °C for 30 min, with an additional 5 min of reactor heat-
up time. Reaction temperature was regulated at 300 °C by the muffle furnace, and reaction pressure 
is autogenous pressure (estimated as 8.5 MPa from saturated steam tables).25,65 After reaction, the 
tubes were removed and quenched in a cold water bath, then transferred to a glass desiccator for 1 
h at room temperature to allow equilibration prior to product recovery. The tube reactors were 
weighed to ensure that no mass was lost during the HTL reaction, and carefully opened to vent gas 
phase products generated from the reaction. Gas phase product yield was then determined by re-
weighing the reactor. Reactor contents were poured out into a glass beaker, and 30 mL of 
dichloromethane (DCM) was added to completely extract any DCM-soluble products, which was 
classified as the biocrude phase. It is noted here that use of DCM for biocrude product recovery is 
an experimental step necessary for HTL conducted in small batch tube reactors; solvent-free 
biocrude separation after HTL has been demonstrated with continuous pilot-scale reactors.9,66 The 
reactor was then rinsed with 30 mL of DI water to recover any residual aqueous phase product. 
Both DCM-dissolved biocrude and DI water were added to the same beaker. An equivalent amount 
of DCM and DI water ensured there were no experimental artifacts from the artificial partitioning 
of products with different volumes of aqueous and organic solvents. Finally, the reactors were 
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scraped with glass Pasteur pipets to recover any solids stuck on the sidewalls. The tube reactor 
was dried at 65 °C for 1 h and weighed after cooling to room temperature to ensure minimal 
product remaining in the reactor (<2.5 %dw of loaded biomass observed for all experiments). The 
collected product mixture was filtered into a separatory funnel through 0.45 μm Teflon filter 
cartridges (Whatman) to isolate the DCM/DI water insoluble solid phase product. Cartridges were 
dried in a desiccator overnight and weighed to obtain the solid phase yield. The separatory funnel 
was shaken to thoroughly mix the biocrude and aqueous phases which were then allowed to 
separate. The DCM phase containing the biocrude was then collected and DCM was removed 
under a stream of N2 at 50 °C for 2 h before weighing to obtain the biocrude yield. The aqueous 
phase was diluted to 50 mL DI water, and two separate 10 mL aliquots of the diluted sample were 
dried at 65 °C for 16 h before weighing the residual solids to determine the aqueous phase yield. 
Gravimetric mass yields of the four product phases are reported as %dw of the input feedstock. 
2.6.6 ECR and ER% Calculations 





          Equation 2.9 
where ∆T is the temperature increase to reach reaction conditions (i.e., 275 K for a 300 °C reaction, 
assuming 25 °C ambient temperature), Wi is the initial moisture content (0.8), Cpw is the specific 
heat of water (4.18 kJ∙kg-1∙K-1), Cpb is the specific heat of biomass (1.25 kJ∙kg-1∙K-1),15,67 Rh is the 
heat recovery efficiency (assumed 0.5), Rc is the combustion energy efficiency (assumed 0.7), Y 
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is the measured biocrude yield (as ratio i.e. 0–1), and HHVb is the higher heating value of the 
biocrude in kJ∙kg-1 as determined by the method of Dulong.13,20 




 × 100%          Equation 2.10 
where HHVm is the higher heating value of the dry biomass in kJ∙kg-1. 
2.6.7 Demonstration of integrated modeling framework 
Complete details on the calibration of the Phototrophic Process Model (PPM) are available 
in Guest et al.11 The PPM describes the biomass productivity as two outputs, XCPO for functional 
cell biomass, and XTAG for storage products as TAG, with units of mg VSS∙L-1 as a function of 
time. The calibration of the PPM regards functional FAs as part of functional cell biomass, and 
since it has been established in this chapter that any functional lipids that bear FAs would 
contribute those FAs to biocrude yield, the XCPO parameter was simply adjusted by the fatty acid 
content of the lowest FA-containing biomass in this study (Batch 2, 13.6 %dw). This way, the two 
main outputs of the PPM are non-FA and FA concentrations which are easily linked to the FA 
model for downstream predictions. Cultivation energy demand was estimated on a per-hour per-
liter basis using arbitrary values of 0.072 kJ∙h-1L-1 to represent an upper-bound high value, and 
0.036 kJ∙h-1∙L-1 to represent a lower-bound low value. Harvesting energy demand was estimated 
on a per liter basis for harvesting using information from Shoener et al,57 with similar upper- and 
lower-bounds. “High” represents the sum of both upper-bound demands of cultivation and 
harvesting, and “Low” the sum of both lower-bound demands. Energy supply was estimated using 
the predicted yields and elemental compositions (provided by the FA model) to calculate HHV 
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and then using the calculated ECR to account for energy demanded for the thermochemical 
processing of HTL. 
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2.7 Figures and Tables 
 
Figure 2.1 The integrated modeling framework allows for prediction and optimization of system-scale 
parameters for the microalgae-HTL biofuel system. The top half of the figure represents the integrated 
processing scheme for microalgae HTL, with the black arrows representing decisions on cultivation times 
that lead to downstream implications. The bottom half represents the current research progress towards 




Figure 2.2 Ternary plot of biomass compositions of Nannochloropsis from this study compared to reported 
microalgae HTL feedstock compositions in the literature. Ash-free dry weight (%afdw) is used only in 
reference to data shown in this figure; all other results in this study are presented as %dw. The colored 





Figure 2.3 (A) HTL product yield and (B) carbon distribution as a function of Nannochloropsis feedstock 
lipid content. Symbols indicate the mean of duplicate analysis with error bars showing min/max values. 
Total product recovery for all batches ranged from 93.1–99.7 %dw of loaded biomass. Total carbon 
recovery for all batches was 95.2–102% of loaded biomass carbon. Linear fit r2 values shown only for 




Figure 2.4 (A) Biocrude product boiling point (BP) distribution via SimDist analysis. Bars are ordered in 
increasing lipid content (Batch 1 to 8) from left to right. (B) BP profile within 300–400 °C of individual fatty 
acids for reference to (C). (C) BP profile within 300–400 °C of biocrudes derived from HTL of three 




Figure 2.5 Biocrude product fatty acid (FA) analysis reported as %dw yield for FAs with >1 %dw yield 
observed. * Average recovery, computed using all batches except the defatted batch. Diagonal dashed line 
indicates 100% recovery of feedstock FA in the biocrude product. Error bars in panel E indicates min/max 





Figure 2.6 Comparison of yield predictions obtained by component additivity models from: (A) this study 
(Equation 2.4); (B) Biller and Ross (Equation 2.2); and (C) Teri et al. (Equation 2.3). Kinetic-based 
reaction network model by Valdez et al. shown in (D). All points are results of HTL of microalgae biomass 
at 300 °C only; reaction times range 5-90 min. 53 Points were demarcated to show: (circles) 9 calibration 
points for Equation 2.4; (squares) 22 calibration points for the kinetic-based model; and (triangles) 22 other 




Figure 2.7 (A) Plot of biocrude yield in the 300–400 °C range and biomass C14–18 FA content. (B) 
Predicted vs. experimental yields using the FA model. Application of the N predictor (C; Eq. 8) and FA 
model (as Eq. 7) predicts elemental composition (D), from which the energy balances (E) and C/N 
distributions (F; calculated using yields shown in B and values from D) were obtained. Defatted batch results 




Figure 2.8 Results demonstrating the integrated modeling framework with cultivation time as the system 





Figure 2.9 Molecular weight distribution of biocrude products derived from SEC analysis. Vertical dashed 
line indicates 250 Da. Defatted Batch 1 represented as dotted line to highlight the effect of extracting the 




Figure 2.10 Plot of residuals for each predictive model. Points are arranged in ascending experimental 


























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table 2.2 HTL biocrude product bulk properties and energy balancesa 





1 68.3 8.5 9.1 14.1 32.7 0.325 56.3 
2 69.8 9.5 6.1 14.6 34.5 0.199 71.7 
3 71.8 10.2 5.5 12.5 36.5 0.180 77.3 
4 74.3 11.1 3.4 11.2 38.9 0.142 88.0 
5 74.2 11.1 3.7 11.0 38.9 0.143 86.0 
6 74.0 11.1 3.4 11.4 38.8 0.149 80.8 
7 75.7 11.5 2.7 10.1 40.2 0.132 87.5 
8 75.6 11.8 2.0 10.5 40.6 0.127 92.0 
a All values (unless otherwise stated) reported in % as the mean of 
duplicate analysis with min/max values (±) shown only if > ±0.5%. b 
Energy Conversion Ratio. c Energy Recovery Percent. 
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Table 2.3 Microalgae composition and HTL data from literature 
Species 
Proximate analysis (%dw)a HTL conditionsb Biocrude yield (%dw)c  






(%wt) Expt. Pred.d Citation 
300 °C, external literature data (  in Figure 2.6; 22 points) 
Spirulina sp. 5 64 20 11 30 300 80 31 35 Vardon et al. (2012) Δ 
Spirulina platensis 5 60 18 8 60 300 90 33 33 Biller et al. (2012) * ^ 
Chlorogloeopsis fritschii 6 46 41 8 60 300 90 36 33 Biller et al. (2012) Δ * ^ 
Spirulina platensis 11 49 31 7 60 300 80 29 37 Jena et al. (2011) Δ # 
Desmodesmus sp. 12 41 28 8 5 300 90 37 34 Garcia Alba et al. (2012)h Δ # ^ 
Desmodesmus sp. 12 41 28 8 15 300 90 39 34 Garcia Alba et al. (2012)h # ^ 
Desmodesmus sp. 12 41 28 8 30 300 90 40 34 Garcia Alba et al. (2012)h # ^ 
Desmodesmus sp. 12 41 28 8 60 300 90 43 34 Garcia Alba et al. (2012)h # ^ 
Scenedesmus dimorphous 13 56 25 6 30 300 80 45 40 Vardon et al. (2012) Δ 
Nannochloropsis sp. 14 52 27 6 30 300 75 41 40 Li et al. (2014)h Δ 
Nannochloropsis sp. 14 52 27 6 60 300 85 48 40 Li et al. (2014)h 
Nannochloropsis sp. 14 52 27 6 90 300 80 36 40 Li et al. (2014)h 
Mixed cultureg 15 37 31f 17 30 300 80 38 35 Zhou et al. (2013) Δ 
Dunaliella tertiolecta 16 49 12 24 5 300 80 33 38 Minowa et al. (1995) Δ * ^ 
Dunaliella tertiolecta 16 49 12 24 60 300 80 26 38 Minowa et al. (1995) * ^ 
Mixed cultureg 20 66 9f 5 30 300 80 51 49 Zhou et al. (2013) Δ 
Dunaliella tertiolecta 23 34 21 13 30 300 90 17 41 Zou et al. (2010) $ Δ 
Chlorella vulgaris 23 51 8 7 60 300 90 43 45 Biller et al. (2012) Δ * ^ 
Nannochloropsis sp. 28 52 12 3 60 300 75 32 51 Brown et al. (2010) Δ 
Chlorella sp. 60 9 26 5 30 300 75 63 66 Li et al. (2014)h Δ 
Chlorella sp. 60 9 26 5 60 300 85 61 66 Li et al. (2014)h 
Chlorella sp. 60 9 26 5 90 300 80 66 66 Li et al. (2014) 
Reaction network model calibration data (  in Figure 2.6; 22 points) 
Scenedesmus sp. 8 50 31 11 10 300 85 39 34 Valdez et al. (2014) Δ 
Scenedesmus sp. 8 50 31 11 20 300 85 38 34 Valdez et al. (2014) 
Scenedesmus sp. 8 50 31 11 40 300 85 41 34 Valdez et al. (2014) 
Scenedesmus sp. 8 50 31 11 60 300 85 34 34 Valdez et al. (2014) 
Nannochloropsis sp. 9 56 32 3 10 300 95 42 38 Valdez et al. (2013)i Δ 
Nannochloropsis sp. 9 56 32 3 20 300 96 39 38 Valdez et al. (2013) 
Nannochloropsis sp. 9 56 32 3 40 300 97 37 38 Valdez et al. (2013) 
Nannochloropsis sp. 9 56 32 3 60 300 97 42 38 Valdez et al. (2013) 
Nannochloropsis sp. 9 56 32 3 90 300 97 32 38 Valdez et al. (2013) 
Nannochloropsis sp. 9 56 32 3 10 300 91 36 38 Valdez et al. (2013) 
Nannochloropsis sp. 9 56 32 3 20 300 85 39 38 Valdez et al. (2014) 
Nannochloropsis sp. 9 56 32 3 40 300 96 32 38 Valdez et al. (2013) 
Nannochloropsis sp. 9 56 32 3 60 300 96 42 38 Valdez et al. (2013) 
Nannochloropsis sp. 9 56 32 3 90 300 97 44 38 Valdez et al. (2013) 
Nannochloropsis sp. 14 59 20 3 20 300 85 51 42 Valdez et al. (2012) # Δ 
Nannochloropsis sp. 14 59 20 3 40 300 85 47 42 Valdez et al. (2012) # 
Nannochloropsis sp. 14 59 20 3 60 300 85 42 42 Valdez et al. (2012) # 
Nannochloropsis sp. 14 59 20 3 90 300 85 42 42 Valdez et al. (2012) # 
C. protothecoides 53 11 29 7 10 300 85 43 61 Valdez et al. (2014) Δ 
C. protothecoides 53 11 29 7 20 300 85 30 61 Valdez et al. (2014)  
C. protothecoides 53 11 29 7 40 300 85 46 61 Valdez et al. (2014)  
C. protothecoides 53 11 29 7 60 300 85 46 61 Valdez et al. (2014)  
Composition data in ternary plot, not used for validation 
Porphyridium cruentum 6 33 30 24 60 350 90 15 25 Biller and Ross (2011) Δ * ^ 
Phaeodactylum purpureum 12 46 33f 10 5 250 94 22 36 Lopez Barreiro et al. (2013) Δ ^ 
Scenedesmus dimorphous 16 38 14 12 60 350 90 24 34 Biller et al. (2012) Δ * ^ 
Scenedesmus obliquus 17 28 27f 28 5 250 94 13 33 Lopez Barreiro et al. (2013) Δ ^ 
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Table 2.3 Continued 
Tetraselmis suecica 20 44 21f 16 5 250 94 25 41 Lopez Barreiro et al. (2013) Δ ^ 
Chlorella vulgaris 20 41 16f 22 5 250 84 26 40 Lopez Barreiro et al. (2013) Δ ^ 
Phaeodactylum 
tricornutum 22 38 16
f 25 5 250 94 31 40 Lopez Barreiro et al. (2013) Δ ^ 
Scenesdesmus almeriensis 22 52 15f 12 5 250 94 31 45 Lopez Barreiro et al. (2013) Δ ^ 
Dunaliella tertiolecta 23 51 20f 6 5 250 94 42 47 Lopez Barreiro et al. (2013) Δ ^ 
Nannochloropsis oculata 24 42 6 26 60 350 90 26 41 Biller and Ross (2011) Δ * ^ 
Nannochloropsis gaditana 25 44 19f 12 5 250 94 30 46 Lopez Barreiro et al. (2013) Δ ^ 
Data from this study for calibration (  in Figure 2.6; 9 points) 
Nannochloropsis oculata 23 58 13 6 30 300 80 51 49  
 31 51 12 6 30 300 80 54 53  
 32 50 11 6 30 300 80 54 54  
 31 50 13 6 30 300 80 54 53  
 47 28 22 3 30 300 80 64 61  
 49 32 17 2 30 300 80 64 64  
 51 26 19 4 30 300 80 61 64  
 56 23 18 2 30 300 80 67 67  
 59 17 22 2 30 300 80 68 68  
a Proximate data reproduced from source if reported as %dw; * denotes data reported as %afdw corrected to %dw using reported 
ash content; $ denotes data reported as % corrected to %dw using reported moisture content; # denotes %dw or %afdw was not 
explicitly stated and assumed to be %dw given that lipid + protein + carb + ash was typically ~100%; Δ denotes that the data set 
was used for the ternary plot (Figure 2.1). b All experiments were conducted with water as reaction medium, without any catalysts, 
and a headspace of inert gases (N2, He) or ambient air. c Yield data reproduced from source if reported as %dw; ^ denotes data 
reported as %afdw corrected to %dw using reported ash content. d Predicted using component additivity model. e Refer to 
references for full citation. f Value was not reported in source and assumed using (100 %dw – lipid – protein – ash) since results 
were reported as %dw. g Cultivated from recycled HTL aqueous phase diluted in municipal wastewater. h carbs fraction is sum of 
crude fibre and non-fibrous carbohydrate fractions. i Composition results are from Valdez et al. (2014), HTL results are from 




Table 2.4 Proximate analysis of harvested batchesa (%wt) 







1 1.0 ± 0.3 5.5 ± 0.1 69.9 ± 0.3 n.d. 18.2 ± 0.2 94.6 ± 0.5 
2 1.1 ± 0.1 5.9 ± 0.1 60.1 ± 0.0 23.7 ± 0.3 13.7 ± 0.1 104.5 ± 0.4 
3 1.4 ± 0.4 5.8 ± 0.0 54.1 ± 0.1 32.3 ± 0.4 13.0 ± 0.2 106.7 ± 0.6 
3b 0.5 ± 0.3 6.1 ± 0.2 52.3 ± 0.0 33.5 ± 0.9 11.8 ± 0.2 104.2 ± 1.0 
3c 1.1 ± 0.1 6.4 ± 0.3 51.0 ± 0.0 32.0 ± 0.0 12.8 ± 0.2 103.3 ± 0.4 
4 0.8 ± 0.2 3.2 ± 0.2 28.8 ± 0.0 48.1 ± 0.3 22.5 ± 1.1 103.5 ± 1.2 
5 1.3 ± 0.2 2.5 ± 0.0 33.5 ± 0.1 50.9 ± 1.0 17.4 ± 0.1 105.5 ± 1.1 
6 1.3 ± 0.4 3.6 ± 0.1 26.9 ± 0.0 51.9 ± 0.1 19.3 ± 0.1 103.0 ± 0.4 
7 0.2 ± 0.2 2.2 ± 0.3 24.6 ± 0.1 59.1 ± 0.7 19.4 ± 0.0 105.5 ± 0.8 
8 0.5 ± 0.2 2.1 ± 0.1 17.6 ± 0.1 60.3 ± 0.8 22.8 ± 0.5 103.3 ± 1.0 
a All values reported as the mean of duplicate analysis, except for moisture and ash which was performed in 




Table 2.5 Replicate batch composition and corresponding HTL yieldsa 
 Proximate analysis Elemental composition (%) Lipid  fractionsb  
HTL product yields 
Batch Lipids Protein Carbs %C %H %N %O 
HHV 











3c 30.7 51.4 12.3 54.6 7.8 8.7 23.5 25.4 12.2 18.5 19.8 53.6 25.0 16.3 3.2 
3b 32.3 50.4 11.4 54.1 7.9 8.4 23.9 25.2 17.4 14.9 21.0 53.7 31.1 12.0 3.2 
3c 31.3 49.9 12.5 54.2 7.8 8.2 23.7 25.2 15.1 16.2 17.4 53.8 26.8 12.3 2.6 
a All values (unless otherwise stated) reported in %dw as the mean of duplicate analysis. b NL = neutral lipids; PL = polar lipids. 




Table 2.6 Filtered solids product elemental analysis and biomass C/N distribution among HTL productsa 
Batch 
Filtered solidsb Carbon distribution (%) Nitrogen distributiond (%) 
%C %H %N Biocrude  Aqueous Gasc Solids  Total  Biocrude Aqueous Solids Total 
1 43.2 5.7 3.4 49.0 ± 0.8 33.6 ± 0.5 6.8 10.9 100.3 ± 2.6 27.0 ± 0.5 74.4 ± 1.0 3.5 104.9 ± 1.8 
2 16.8 2.9 2.1 66.7 ± 1.2 22.2 ± 1.8 4.4 1.9 95.2 ± 0.6 32.5 ± 0.6 66.9 ± 1.6 1.3 100.7 ± 1.0 
3 26.6 3.7 2.5 70.5 ± 1.3 21.5 ± 0.2 8.2 1.6 101.8 ± 0.9 34.1 ± 0.6 68.5 ± 0.9 0.9 103.5 ± 0.3 
4 39.4 4.7 2.8 80.2 ± 0.1 11.9 ± 1.1 7.7 1.2 101.0 ± 0.9 47.6 ± 0.1 48.2 ± 1.3 1.2 97.0 ± 1.3 
5 39.4 4.7 2.8 78.5 ± 0.1 11.7 ± 0.0 7.2 1.3 98.7 ± 0.1 43.9 ± 0.1 60.0 ± 7.4 1.1 104.8 ± 7.4 
6 62.4 5.2 5.6 75.1 ± 1.0 10.8 ± 0.9 10.0 1.9 97.8 ± 2.2 48.9 ± 0.7 44.8 ± 2.3 2.4 96.1 ± 2.8 
7 62.4 5.2 5.6 80.1 ± 1.0 10.1 ± 0.0 7.0 2.6 99.8 ± 1.1 45.3 ± 0.6 45.9 ± 3.0 3.8 95.0 ± 3.0 
8 62.4 5.2 5.6 83.0 ± 0.1 9.6 ± 1.4 5.1 4.4 102.0 ± 1.1 48.8 ± 0.1 40.1 ± 0.8 8.8 97.6 ± 1.0 
a Values reported as the mean of duplicate analysis with min/max values (±) shown only if > ±0.5%. b Composite solid phase 
samples were analysed for CHN content for Batches 4–5 and for Batches 6–8 due to the small yield of solid phase products from 
HTL of these batches (only 1.8–4.4 %dw). c Gas phase carbon distribution was estimated using the gravimetrically measured gas 
product yields and assuming the gas products to be 100% CO2. d No significant distribution of nitrogen because the headspace 




Table 2.7 HTL aqueous phase product analysisa (all units in mg∙L-1) 
Batch TOCb NH3 TKNc NO3-/NO2- % of TNd as NH3 PO43- 
1 38300 ± 620 11200 ± 390 20500 ± 280 n.d 54.6 1800 ± 10 
2 29400 ± 2400 7400 ± 200 15900 ± 390 n.d 46.5 140 ± 4 
3 28900 ± 200 7300 ± 130 14600 ± 190 n.d 50.0 1900 ± 40 
4 17400 ± 1600 3000 ± 30 5500 ± 150 n.d 54.5 520 ± 50 
5 17400 ± 20 3700 ± 20 7900 ± 970 n.d 46.8 670 ± 20 
6 16100 ± 1300 2800 ± 200 4700 ± 240 n.d 59.6 440 ± 4 
7 15900 ± 60 2200 ± 260 4500 ± 290 n.d 48.9 630 ± 40 
8 14800 ± 2100 1200 ± 40 2800 ± 60 n.d 42.9 270 ± 30 
a Concentrations based on water initially loaded with the biomass slurry prior to reaction. b Total organic carbon, equals total 
carbon assuming negligible inorganic carbon. c Total Kjeldahl nitrogen. d Total nitrogen, TN = TKN + NO3- + NO2- = TKN 




Table 2.8 List of regression statistics generated by Microsoft Excel 2010 Analysis ToolPak 
Summary Multiple R R2 Adjusted R2 Standard error Observations 
Regression Statistics 0.99962 0.99924 0.85616 0.01907 10 
 
ANOVA df SS MS F Significance F 
Regression 3 3.33118 1.11039 3052.00 6.142E-10 
Residual 7 0.00255 0.00036   
Total 10 3.33373    
 
Regression output Coefficients 
Standard  





Lipids 0.97184 0.04449 21.84292 1.064E-07 0.86663 1.07705 
Proteins 0.41936 0.02993 14.01345 2.232E-06 0.34859 0.49012 
Carbohydrates 0.16903 0.14966 1.12947 0.29591 -0.18485 0.52292 
 
Residual output Predicted Y Residuals 
Cook's 
distance    
1 0.48903 0.02392 0.1249    
2 0.34606 -0.01437 12.4519    
3 0.53486 0.00147 0.0005    
4 0.54474 -0.00791 0.0238    
5 0.53473 0.00278 0.0050    
6 0.60999 0.02885 0.4592    
7 0.63740 -0.00219 0.0089    
8 0.63904 -0.02756 0.2277    
9 0.67482 -0.00903 0.0394    




2.8 References Cited 
(1)  U.S. D.O.E. National Algal Biofuels Technology Roadmap; DOE/EE-0332; Office of 
Energy Efficiency and Renewable Energy Report DOE/EE-0332, U.S. D.O.E.: Washington, D.C., 
2010. 
(2)  Koutinas, A. A.; Vlysidis, A.; Pleissner, D.; Kopsahelis, N.; Garcia, I. L.; Kookos, I. K.; 
Papanikolaou, S.; Kwan, T. H.; Lin, C. S. K. Valorization of Industrial Waste and By-Product 
Streams via Fermentation for the Production of Chemicals and Biopolymers. Chem. Soc. Rev. 
2014, 43 (8), 2587–2627. 
(3)  National Research Council (U.S.); National Academies Press (U.S.). Sustainable 
Development of Algal Biofuels in the United States; National Academies Press: Washington, D.C., 
2012. 
(4)  Foley, P. M.; Beach, E. S.; Zimmerman, J. B. Algae as a Source of Renewable Chemicals: 
Opportunities and Challenges. Green Chem. 2011, 13 (6), 1399–1405. 
(5)  Laurens, L. M. L.; Nagle, N.; Davis, R.; Sweeney, N.; Wychen, S. V.; Lowell, A.; Pienkos, 
P. T. Acid-Catalyzed Algal Biomass Pretreatment for Integrated Lipid and Carbohydrate-Based 
Biofuels Production. Green Chem. 2015, 17 (2), 1145–1158. 
(6)  Brennan, L.; Owende, P. Biofuels from Microalgae—A Review of Technologies for 
Production, Processing, and Extractions of Biofuels and Co-Products. Renew. Sustain. Energy Rev. 
2010, 14 (2), 557–577. 
(7)  Savage, P. E. Algae Under Pressure and in Hot Water. Science 2012, 338 (6110), 1039–
1040. 
(8)  Roberts, G. W.; Sturm, B. S. M.; Hamdeh, U.; Stanton, G. E.; Rocha, A.; Kinsella, T. L.; 
Fortier, M.-O. P.; Sazdar, S.; Detamore, M. S.; Stagg-Williams, S. M. Promoting Catalysis and 
87 
 
High-Value Product Streams by in Situ Hydroxyapatite Crystallization during Hydrothermal 
Liquefaction of Microalgae Cultivated with Reclaimed Nutrients. Green Chem. 2015. 
(9)  Elliott, D. C.; Hart, T. R.; Schmidt, A. J.; Neuenschwander, G. G.; Rotness, L. J.; Olarte, 
M. V.; Zacher, A. H.; Albrecht, K. O.; Hallen, R. T.; Holladay, J. E. Process Development for 
Hydrothermal Liquefaction of Algae Feedstocks in a Continuous-Flow Reactor. Algal Res. 2013, 
2 (4), 445–454. 
(10)  Rodolfi, L.; Chini Zittelli, G.; Bassi, N.; Padovani, G.; Biondi, N.; Bonini, G.; Tredici, M. 
R. Microalgae for Oil: Strain Selection, Induction of Lipid Synthesis and Outdoor Mass 
Cultivation in a Low-Cost Photobioreactor. Biotechnol. Bioeng. 2009, 102 (1), 100–112. 
(11)  Guest, J. S.; van Loosdrecht, M. C. M.; Skerlos, S. J.; Love, N. G. Lumped Pathway 
Metabolic Model of Organic Carbon Accumulation and Mobilization by the Alga Chlamydomonas 
Reinhardtii. Environ. Sci. Technol. 2013, 47 (7), 3258–3267. 
(12)  Hodgson, P. A.; Henderson, R. J.; Sargent, J. R.; Leftley, J. W. Patterns of Variation in the 
Lipid Class and Fatty Acid Composition of Nannochloropsis Oculata (Eustigmatophyceae) during 
Batch Culture. J. Appl. Phycol. 1991, 3 (2), 169–181. 
(13)  Biller, P.; Ross, A. B. Potential Yields and Properties of Oil from the Hydrothermal 
Liquefaction of Microalgae with Different Biochemical Content. Bioresour. Technol. 2011, 102 
(1), 215–225. 
(14)  López Barreiro, D.; Prins, W.; Ronsse, F.; Brilman, W. Hydrothermal Liquefaction (HTL) 
of Microalgae for Biofuel Production: State of the Art Review and Future Prospects. Biomass 
Bioenergy 2013, 53, 113–127. 
88 
 
(15)  Vardon, D. R.; Sharma, B. K.; Blazina, G. V.; Rajagopalan, K.; Strathmann, T. J. 
Thermochemical Conversion of Raw and Defatted Algal Biomass via Hydrothermal Liquefaction 
and Slow Pyrolysis. Bioresour. Technol. 2012, 109, 178–187. 
(16)  Vardon, D. R.; Sharma, B. K.; Scott, J.; Yu, G.; Wang, Z.; Schideman, L.; Zhang, Y.; 
Strathmann, T. J. Chemical Properties of Biocrude Oil from the Hydrothermal Liquefaction of 
Spirulina Algae, Swine Manure, and Digested Anaerobic Sludge. Bioresour. Technol. 2011, 102, 
8295–8303. 
(17)  Teri, G.; Luo, L.; Savage, P. E. Hydrothermal Treatment of Protein, Polysaccharide, and 
Lipids Alone and In Mixtures. Energy Fuels 2014, 28 (12), 7501–7509. 
(18)  Valdez, P. J.; Tocco, V. J.; Savage, P. E. A General Kinetic Model for the Hydrothermal 
Liquefaction of Microalgae. Bioresour. Technol. 2014, 163, 123–127. 
(19)  Biller, P.; Riley, R.; Ross, A. B. Catalytic Hydrothermal Processing of Microalgae: 
Decomposition and Upgrading of Lipids. Bioresour. Technol. 2011, 102 (7), 4841–4848. 
(20)  Brown, T. M.; Duan, P.; Savage, P. E. Hydrothermal Liquefaction and Gasification of 
Nannochloropsis Sp. Energy Fuels 2010, 24 (6), 3639–3646. 
(21)  Clarens, A. F.; Resurreccion, E. P.; White, M. A.; Colosi, L. M. Environmental Life Cycle 
Comparison of Algae to Other Bioenergy Feedstocks. Environ. Sci. Technol. 2010, 44 (5), 1813–
1819. 
(22)  Jones, S.; Zhu, Y.; Anderson, D.; Hallen, R.; Elliott, D.; Schmidt, A.; Albrecht, K.; Hart, 
T.; Butcher, M.; Drennan, C.; et al. Process Design and Economics for the Conversion of Algal 
Biomass to Hydrocarbons: Whole Algae Hydrothermal Liquefaction and Upgrading; Pacific 
Northwest National Laboratory (PNNL), Richland, WA (US), 2014. 
89 
 
(23)  López Barreiro, D.; Zamalloa, C.; Boon, N.; Vyverman, W.; Ronsse, F.; Brilman, W.; Prins, 
W. Influence of Strain-Specific Parameters on Hydrothermal Liquefaction of Microalgae. 
Bioresour. Technol. 2013, 146, 463–471. 
(24)  Valdez, P. J.; Dickinson, J. G.; Savage, P. E. Characterization of Product Fractions from 
Hydrothermal Liquefaction of Nannochloropsis Sp. and the Influence of Solvents. Energy Fuels 
2011, 25 (7), 3235–3243. 
(25)  Valdez, P. J.; Nelson, M. C.; Wang, H. Y.; Lin, X. N.; Savage, P. E. Hydrothermal 
Liquefaction of Nannochloropsis Sp.: Systematic Study of Process Variables and Analysis of the 
Product Fractions. Biomass Bioenergy 2012, 46, 317–331. 
(26)  Valdez, P. J.; Savage, P. E. A Reaction Network for the Hydrothermal Liquefaction of 
Nannochloropsis Sp. Algal Res. 2013, 2 (4), 416–425. 
(27)  Rebolloso-Fuentes, M. M.; Navarro-Pérez, A.; García-Camacho, F.; Ramos-Miras, J. J.; 
Guil-Guerrero, J. L. Biomass Nutrient Profiles of the Microalga Nannochloropsis. J. Agric. Food 
Chem. 2001, 49 (6), 2966–2972. 
(28)  DuBois, M.; Gilles, K. A.; Hamilton, J. K.; Rebers, P. A.; Smith, F. Colorimetric Method 
for Determination of Sugars and Related Substances. Anal. Chem. 1956, 28 (3), 350–356. 
(29)  Folch, J.; Lees, M.; Stanley, G. H. S. A Simple Method for the Isolation and Purification of 
Total Lipides from Animal Tissues. J. Biol. Chem. 1957, 226 (1), 497–509. 
(30)  Pinkart, H. C.; Devereux, R.; Chapman, P. J. Rapid Separation of Microbial Lipids Using 
Solid Phase Extraction Columns. J. Microbiol. Methods 1998, 34 (1), 9–15. 
(31)  Hamilton, J. G.; Comai, K. Rapid Separation of Neutral Lipids, Free Fatty Acids and Polar 
Lipids Using Prepacked Silica Sep-Pak Columns. Lipids 1988, 23 (12), 1146–1149. 
90 
 
(32)  Laurens, L. M. L.; Quinn, M.; Wychen, S. V.; Templeton, D. W.; Wolfrum, E. J. Accurate 
and Reliable Quantification of Total Microalgal Fuel Potential as Fatty Acid Methyl Esters by in 
Situ Transesterification. Anal. Bioanal. Chem. 2012, 403 (1), 167–178. 
(33)  Laurens, L. M. L.; Dempster, T. A.; Jones, H. D. T.; Wolfrum, E. J.; Van Wychen, S.; 
McAllister, J. S. P.; Rencenberger, M.; Parchert, K. J.; Gloe, L. M. Algal Biomass Constituent 
Analysis: Method Uncertainties and Investigation of the Underlying Measuring Chemistries. Anal. 
Chem. 2012, 84 (4), 1879–1887. 
(34)  Duan, P.; Savage, P. E. Hydrothermal Liquefaction of a Microalga with Heterogeneous 
Catalysts. Ind. Eng. Chem. Res. 2011, 50 (1), 52–61. 
(35)  Akhtar, J.; Amin, N. A. S. A Review on Process Conditions for Optimum Bio-Oil Yield in 
Hydrothermal Liquefaction of Biomass. Renew. Sustain. Energy Rev. 2011, 15 (3), 1615–1624. 
(36)  Toor, S. S.; Rosendahl, L.; Rudolf, A. Hydrothermal Liquefaction of Biomass: A Review 
of Subcritical Water Technologies. Energy 2011, 36 (5), 2328–2342. 
(37)  Yu, G.; Zhang, Y.; Schideman, L.; Funk, T.; Wang, Z. Distributions of Carbon and Nitrogen 
in the Products from Hydrothermal Liquefaction of Low-Lipid Microalgae. Energy Environ. Sci. 
2011, 4 (11), 4587–4595. 
(38)  Minowa, T.; Yokoyama, S.; Kishimoto, M.; Okakura, T. Oil Production from Algal Cells 
of Dunaliella Tertiolecta by Direct Thermochemical Liquefaction. Fuel 1995, 74 (12), 1735–1738. 
(39)  Biller, P.; Ross, A. B.; Skill, S. C.; Lea-Langton, A.; Balasundaram, B.; Hall, C.; Riley, R.; 
Llewellyn, C. A. Nutrient Recycling of Aqueous Phase for Microalgae Cultivation from the 
Hydrothermal Liquefaction Process. Algal Res. 2012, 1 (1), 70–76. 
(40)  Garcia Alba, L.; Torri, C.; Samorì, C.; van der Spek, J.; Fabbri, D.; Kersten, S. R. A.; 
Brilman, D. W. F. (Wim). Hydrothermal Treatment (HTT) of Microalgae: Evaluation of the 
91 
 
Process As Conversion Method in an Algae Biorefinery Concept. Energy Fuels 2012, 26 (1), 642–
657. 
(41)  Jena, U.; Das, K. C.; Kastner, J. R. Effect of Operating Conditions of Thermochemical 
Liquefaction on Biocrude Production from Spirulina Platensis. Bioresour. Technol. 2011, 102 
(10), 6221–6229. 
(42)  Zhou, Y.; Schideman, L.; Yu, G.; Zhang, Y. A Synergistic Combination of Algal 
Wastewater Treatment and Hydrothermal Biofuel Production Maximized by Nutrient and Carbon 
Recycling. Energy Environ. Sci. 2013, 6 (12), 3765–3779. 
(43)  Zou, S.; Wu, Y.; Yang, M.; Li, C.; Tong, J. Bio-Oil Production from Sub- and Supercritical 
Water Liquefaction of Microalgae Dunaliella Tertiolecta and Related Properties. Energy Environ. 
Sci. 2010, 3 (8), 1073–1078. 
(44)  Li, H.; Liu, Z.; Zhang, Y.; Li, B.; Lu, H.; Duan, N.; Liu, M.; Zhu, Z.; Si, B. Conversion 
Efficiency and Oil Quality of Low-Lipid High-Protein and High-Lipid Low-Protein Microalgae 
via Hydrothermal Liquefaction. Bioresour. Technol. 2014, 154, 322–329. 
(45)  Dunstan, G. A.; Volkman, J. K.; Barrett, S. M.; Garland, C. D. Changes in the Lipid 
Composition and Maximisation of the Polyunsaturated Fatty Acid Content of Three Microalgae 
Grown in Mass Culture. J. Appl. Phycol. 1993, 5 (1), 71–83. 
(46)  Tonon, T.; Harvey, D.; Larson, T. R.; Graham, I. A. Long Chain Polyunsaturated Fatty Acid 
Production and Partitioning to Triacylglycerols in Four Microalgae. Phytochemistry 2002, 61 (1), 
15–24. 
(47)  Roleda, M. Y.; Slocombe, S. P.; Leakey, R. J. G.; Day, J. G.; Bell, E. M.; Stanley, M. S. 
Effects of Temperature and Nutrient Regimes on Biomass and Lipid Production by Six Oleaginous 
92 
 
Microalgae in Batch Culture Employing a Two-Phase Cultivation Strategy. Bioresour. Technol. 
2013, 129, 439–449. 
(48)  Duan, P.; Savage, P. E. Catalytic Treatment of Crude Algal Bio-Oil in Supercritical Water: 
Optimization Studies. Energy Environ. Sci. 2011, 4 (4), 1447–1456. 
(49)  Jena, U.; Vaidyanathan, N.; Chinnasamy, S.; Das, K. C. Evaluation of Microalgae 
Cultivation Using Recovered Aqueous Co-Product from Thermochemical Liquefaction of Algal 
Biomass. Bioresour. Technol. 2011, 102 (3), 3380–3387. 
(50)  Torri, C.; Garcia Alba, L.; Samorì, C.; Fabbri, D.; Brilman, D. W. F. (Wim). Hydrothermal 
Treatment (HTT) of Microalgae: Detailed Molecular Characterization of HTT Oil in View of HTT 
Mechanism Elucidation. Energy Fuels 2012, 26 (1), 658–671. 
(51)  Huber, G. W.; O’Connor, P.; Corma, A. Processing Biomass in Conventional Oil Refineries: 
Production of High Quality Diesel by Hydrotreating Vegetable Oils in Heavy Vacuum Oil 
Mixtures. Appl. Catal. Gen. 2007, 329, 120–129. 
(52)  Tavakoli, O.; Yoshida, H. Squid Oil and Fat Production from Squid Wastes Using 
Subcritical Water Hydrolysis:  Free Fatty Acids and Transesterification. Ind. Eng. Chem. Res. 
2006, 45 (16), 5675–5680. 
(53)  Holliday, R. L.; King, J. W.; List, G. R. Hydrolysis of Vegetable Oils in Sub- and 
Supercritical Water. Ind. Eng. Chem. Res. 1997, 36 (3), 932–935. 
(54)  Shin, H.-Y.; Ryu, J.-H.; Park, S.-Y.; Bae, S.-Y. Thermal Stability of Fatty Acids in 
Subcritical Water. J. Anal. Appl. Pyrolysis 2012, 98, 250–253. 
(55)  Kocsisová, T.; Juhasz, J.; Cvengroš, J. Hydrolysis of Fatty Acid Esters in Subcritical Water. 
Eur. J. Lipid Sci. Technol. 2006, 108 (8), 652–658. 
93 
 
(56)  King, J. W.; Holliday, R. L.; List, G. R. Hydrolysis of Soybean Oil. in a Subcritical Water 
Flow Reactor. Green Chem. 1999, 1 (6), 261–264. 
(57)  Shoener, B. D.; Bradley, I. M.; Cusick, R. D.; Guest, J. S. Energy Positive Domestic 
Wastewater Treatment: The Roles of Anaerobic and Phototrophic Technologies. Environ. Sci. 
Process. Impacts 2014, 16 (6), 1204–1222. 
(58)  Guillard, R. R. L.; Ryther, J. H. Studies of Marine Planktonic Diatoms: I. Cyclotella Nana 
Hustedt, and Detonula Confervacea (Cleve) Gran. Can. J. Microbiol. 1962, 8 (2), 229–239. 
(59)  Miao, X.; Wu, Q. Biodiesel Production from Heterotrophic Microalgal Oil. Bioresour. 
Technol. 2006, 97 (6), 841–846. 
(60)  Hu, Q.; Sommerfeld, M.; Jarvis, E.; Ghirardi, M.; Posewitz, M.; Seibert, M.; Darzins, A. 
Microalgal Triacylglycerols as Feedstocks for Biofuel Production: Perspectives and Advances. 
Plant J. 2008, 54 (4), 621–639. 
(61)  Halim, R.; Gladman, B.; Danquah, M. K.; Webley, P. A. Oil Extraction from Microalgae 
for Biodiesel Production. Bioresour. Technol. 2011, 102 (1), 178–185. 
(62)  Christie, W. W. Rapid Separation and Quantification of Lipid Classes by High Performance 
Liquid Chromatography and Mass (Light-Scattering) Detection. J. Lipid Res. 1985, 26 (4), 507–
512. 
(63)  Christie, W. W. Preparation of Ester Derivatives of Fatty Acids for Chromatographic 
Analysis. Adv. Lipid Methodol. 1993, 2, 69–111. 
(64)  Alfonsi, K.; Colberg, J.; Dunn, P. J.; Fevig, T.; Jennings, S.; Johnson, T. A.; Kleine, H. P.; 
Knight, C.; Nagy, M. A.; Perry, D. A.; et al. Green Chemistry Tools to Influence a Medicinal 
Chemistry and Research Chemistry Based Organisation. Green Chem. 2008, 10 (1), 31–36. 
94 
 
(65)  Keenan, J. H.; Keyes, F. G.; Hill, P. G.; Moore, J. G. Steam Tables : Thermodynamic 
Properties of Water Including Vapor, Liquid, and Solid Phases/With Charts, 2nd ed.; John Wiley 
& Sons: Malabar, FL, USA, 1992. 
(66)  Elliott, D. C.; Biller, P.; Ross, A. B.; Schmidt, A. J.; Jones, S. B. Hydrothermal Liquefaction 
of Biomass: Developments from Batch to Continuous Process. Bioresour. Technol. 2015, 178, 
147–156. 
(67)  Sawayama, S.; Minowa, T.; Yokoyama, S.-Y. Possibility of Renewable Energy Production 





A UNIFIED MODELING FRAMEWORK TO ADVANCE BIOFUEL PRODUCTION 
FROM MICROALGAE1 
3.1 Abstract 
Modeling efforts to understand the financial implications of microalgal biofuels often 
assume a static basis for microalgae biomass composition and cost, which has constrained 
cultivation and downstream conversion process design and limited in-depth understanding of their 
interdependencies. For this work, a dynamic biological cultivation model was integrated with 
thermo-chemical/biological unit process models for downstream biorefineries to increase 
modeling fidelity, to provide mechanistic links among unit operations, and to quantify minimum 
product selling prices of biofuels via techno-economic analysis. Variability in design, cultivation, 
and conversion parameters were characterized through Monte Carlo simulation, and sensitivity 
analyses were conducted to elucidate key cost and fuel yield drivers. Cultivating biomass 
compositions to achieve the minimum biomass selling price or to maximize lipid content were 
shown to lead to sub-optimal fuel production costs. Depending on biomass composition, both 
hydrothermal liquefaction and a biochemical fractionation process (Combined Algal Processing) 
were shown to have advantageous minimum product selling prices, which supports continued 
investment in multiple conversion pathways. Ultimately, this work demonstrates a clear need to 
leverage integrated modeling platforms to advance microalgae biofuel systems as a whole, and 
specific recommendations are made for the prioritization of research and development pathways 
to achieve economical biofuel production from microalgae. 
 
1 A modified version of Chapter 3 is presently in revision, 2018. (S. Leow lead author with co-authors B.D. Shoener, 




In the pursuit of renewable feedstocks for transportation fuels,1–3 microalgae possess 
distinct advantages including the potential for high areal productivities (surpassing those of 
terrestrial feedstocks),4 a wide range of microalgae strain choices with tunable biomass 
compositions through accumulation of lipids or carbohydrates,5,6 and options for various 
downstream aqueous conversion processes to produce renewable diesel blendstocks (RDB) as a 
supplement to fuel production.7,8 These processes include hydrothermal liquefaction (HTL), which 
converts whole wet microalgal biomass thermochemically under high temperature and pressure to 
HTL biocrude oil, which can then be further upgraded to RDB.6,7 Conversely, biochemical 
fractionation methods such as combined algal processing (CAP) enable isolation and conversion 
of individual biomass constituents to fuels or products through separate processing steps (e.g., 
fermentation of sugars after acid hydrolysis of the whole biomass, extraction and upgrading of 
lipids, and anaerobic digestion (AD) of protein).8–10 Despite the potential and collective research 
progress in both microalgal cultivation and conversion, a critical barrier to the advancement of 
microalgal-based biofuels is a lack of understanding of how cultivation approaches, design and 
operational decisions, and uncertainties in the performance of individual unit processes propagate 
throughout the integrated feedstock to biofuel system and hence influence process economic 
viability. As the United States and international entities intensify the pursuit of market-ready 
renewable transportation fuels at the industrial scale,3,11 there is a critical need for integrated 
modeling frameworks which link reactor-scale cultivation models with plant-scale downstream 
conversion simulations to elucidate the factors governing system-scale optimization and prioritize 
research and development goals for microalgae biofuels.12–14 
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The current approach to predictions of large-scale microalgal feedstock production relies 
on assumptions of areal productivity (in terms of g·m-2·d-1), which are applied to both functional 
biomass (i.e., proteins, functional lipids, functional carbohydrates) and storage polymers (i.e., 
triacylglycerides (TAGs) and starch).15 To date, most productivity estimates have relied on linear 
scaling of bench-scale growth and lipid accumulation data, with recent improvements stemming 
from more robust geospatial productivity modeling4 and the use of productivity targets associated 
with three possible biomass compositions: high protein, high carbohydrate, and high lipid.16 In 
spite of recent developments, the persistent lack of fidelity in biochemical composition modeling 
coupled with a disconnect between research in biomass cultivation and downstream processing 
technologies has precluded a mechanistic understanding of how process-specific decisions (e.g., 
retention time in microalgal cultivation ponds) result in trade-offs among product yields, biomass 
and fuel selling prices, and overall optimizations among those metrics, as appropriate, for different 
conversion methods. Ultimately, the advancement of microalgal biofuels requires the integration 
of techno-economic analyses (TEAs) with a more mechanistic understanding of carbon storage 
and conversion processes to achieve increased fidelity in modeling the microalgae-to-biofuel 
system. 
The objective of this study was to develop a unified modeling framework for microalgae 
biomass cultivation and conversion to quantify the relative financial viability of RDB production 
through varying design decisions (e.g., conversion pathways, microalgae species, cultivation 
times), and then apply the results to inform potential research and development priorities. To this 
end, a dynamic biological cultivation model was integrated with thermo-chemical/biological unit 
process models for downstream biorefineries and bridging the gap with biochemical composition 
(functional and storage biomass) as a unifying framework. Large-scale microalgae cultivation was 
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modeled using the phototrophic process model (PPM)17 to estimate cell growth and biopolymer 
storage as a function of cultivation system design and microalgal species. Produced biomass – with 
a given biochemical composition and resultant modeled production cost – was “purchased” by 
downstream biorefineries designed to produce renewable diesel fuel blendstocks (i.e., RDB) and 
co-products (naphtha and ethanol) using one of three candidate processes (Figure 3.1): HTL, CAP, 
or lipid-extraction for hydrotreating (LEH18). Product yields for each conversion process were 
predicted by coupling models of thermo-chemical (e.g., a multiphase component additivity (MCA) 
model for HTL7) and biological (i.e., fermentation and AD for CAP and LEH) processes with 
plant-scale simulations. Minimum product selling prices were quantified via discounted cash flow 
rate of return analysis (DCF) methods.19–21 Variability in design, cultivation, and conversion 
parameters were accounted for through Monte Carlo simulations (uncertainty analysis22), and 
sensitivity analyses were conducted to elucidate key cost and fuel yield drivers and their relative 
impacts on the full microalgae-biofuel system. Results were collectively interpreted to assess the 
influence of varying biomass cultivations on process-scale economic indicators to identify optimal 
cultivation-conversion operating regimes and to prioritize research and development goals in order 
to advance the financial viability of microalgae-biofuels. 
3.3 Methods 
3.3.1 Overview of integrated cultivation-conversion systems 
Integrated cultivation conversion systems consist of a biomass cultivation farm paired with 
a candidate downstream biorefinery (Figure 3.1). Microalgae are first grown under natural light 
to yield targeted biochemical compositions of pure cultures (green block). HTL (Process A, orange 
blocks) converts microalgal biomass to liquid biocrude oil using water under elevated 
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temperatures and pressures (subcritical water).6,7 The biocrude oil is then refined into fuel 
blendstocks (naphtha and RDB, Product A1) through a downstream hydrotreating step 
(catalytic hydrotreating using heterogeneous solid catalysts in the presence of H2), the aqueous 
HTL stream was treated via catalytic hydrothermal gasification (CHG), and the gaseous stream 
was used to supplement natural gas for on-site hydrogen production.19 For CAP (Process B, dark 
and light blue blocks), microalgal biomass is first pretreated with 1 %wt sulfuric acid and then 
fermented for ethanol (Product B1), which is separated from the fermented stillage. Lipids are 
extracted from the fermented stillage and hydrotreated to fuel blendstocks (Product B2), 
whereupon extracted residual stillage is diverted to AD.20 LEH (Process C, light blue blocks) 
undergoes the same steps as in CAP except that no pretreatment or fermentation is conducted, and 
fuel blendstocks and electricity (Products C1 and C2) are the only products. Management of output 
streams including HTL solid, AD aqueous, and AD digestate, as well as other process options 
(e.g., fermentation of algal carbohydrates to non-fuel coproducts) were outside the boundary of 
this study. Details on cultivation modeling and each downstream process are provided in 
the following sections. 
3.3.2 Cultivation modeling for biomass production 
Cultivation modeling was performed for three target species of microalgae – Chlorella 
vulgaris, Scenedesmus acutus, and Nannochloropsis granulata – using process configuration 
assumptions from Davis et al.16 and biomass productivity and carbon storage modeling using the 
PPM (complete details are provided in the Supplemental Information (SI), Section 3.6.1).17 
Consistent with Davis et al.,16 a conceptual cultivation process employing pure cultures of 
microalgae was modeled for biomass growth in a sequence of four reactor systems with increasing 
volumes: closed photobioreactors (PBRs; smallest volume) followed by covered ponds, open 
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fully-lined ponds, and finally open unlined ponds (largest volumes); this entire system of reactors 
and ponds is the inoculation and basal biomass growth system. The inoculation and basal biomass 
growth system was designed to produce 190,000 ton AFDW·yr-1 of functional biomass (i.e., high 
protein biomass) under nutrient replete conditions across 5,000 acres (wetted area) of ponds with 
an effluent (i.e., flow leaving the ponds) flow rate of 70,000 m3·h-1.16 For the production of high 
protein biomass (i.e., functional biomass with no neutral lipids or stored starch), microalgae were 
harvested after growth to 0.5 g·L-1 (0.05 %AFDW) in the basal biomass growth system and 
dewatered via trapezoidal settlers, hollow fiber membranes, and bowl centrifuges to a final 
concentration of 200 g·L-1 (20 %AFDW solids) in the final product stream following assumptions 
detailed in Davis et al.16 Functional biomass carbohydrate/lipid/protein content (in terms of % ash 
free dry weight, or %AFDW) assumptions were normalized to the highest observed protein content 
from past experiments with C. vulgaris (45/17/38 %AFDW), S. acutus (53/14/34 %AFDW; sum 
is >100% due to rounding), and N. granulata (16/26/59 %AFDW; sum is >100% due to 
rounding).5 Although these biochemical compositions reflect cultures that had already begun to 
transition to deplete conditions, initial storage products were adequately low such that each species 
demonstrated significant capacity for increased carbon storage under further nitrogen depleted 
cultivation.5 
For production of biomass with increased lipid and carbohydrate content, biomass from the 
inoculation and basal biomass growth system entered an open unlined pond system upon nitrogen 
depletion from the medium; these additional ponds, called carbon-accumulation ponds, were 
designed to support  carbon storage. Exposure to light under nitrogen-limited conditions has been 
demonstrated to be a reliable trigger for carbon storage in microalgae, and has been widely 
proposed for large-scale production of biomass rich in lipids and carbohydrates.16 Carbon 
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accumulation was dynamically modeled using the PPM, which included algal growth, endogenous 
respiration, and the storage and mobilization of carbohydrates and lipids.17 Experimental data from 
the literature for the three modeled species – including biochemical composition over time5 – were 
used for the calibration of maximum lipid and carbohydrate storage and the initial relative rates of 
lipid and carbohydrate storage within the PPM. Initial areal productivities in carbon-accumulation 
ponds were assumed to be the same as unlined growth ponds (Table 3.2), but productivity 
decreased as cells approached their maximum carbon storage capacity.17 Biomass was harvested 
and concentrated to 200 g·L-1 as described above. 
3.3.3 HTL modeling for fuel production and product selling prices 
Plant-scale process modeling for HTL of harvested biomass used the approach and process 
details reported in a TEA published by Jones et al.19 as the reference to construct a TEA model in 
Microsoft Excel, without modifications to infrastructural design decisions (i.e., process flow 
diagrams, unit process selection, HTL biocrude upgrading, and treatment of HTL waste 
discharge),19 but with modifications to characterize the process implications of the full range of 
microalgal biochemical compositions (complete details in the SI, Section 3.6.2). Fixed 
assumptions in the reference model were replaced by the MCA model7 to predict variations in 
HTL product yields due to biomass composition. All unit operations were scaled based on modeled 
process flows. Importantly, the post-HTL products were treated according to methods described 
in the reference model (i.e., catalytic hydrotreating and CHG for the biocrude and aqueous phase 
products, respectively19). Calculations based on this approach showed that mass balances between 
non-water process inputs (i.e., dry microalgae biomass and methane) and final plant outputs were 
closed to within 98.9–100.5% for all biomass composition data points across the three modeled 
species. The structure of the Excel model was validated against previously published results19 and 
102 
 
was within 0.05% of reported values for $·gal diesel-1 and $·GGE-1 (GGE being gallon gasoline 
equivalent). 
3.3.4 CAP and LEH modeling for fuel production 
Plant-scale process modeling for CAP followed the general approach of HTL modeling in 
that a published TEA20 was used as the reference model, with modifications to characterize the 
process implications of the full range of microalgal biochemical compositions, and updated to 
enable independent assumptions related to the extraction and processing of functional biomass, 
storage carbohydrates, and storage lipids. For instance, storage carbohydrates were assumed to be 
fermentable and storage lipids were assumed to have higher conversion efficiencies to fuels than 
functional lipids. Additionally, a new model was developed for the AD unit to better account for 
the energetic content of residual biomass and nitrogen inhibition under high protein scenarios.23 
Calculations based on this approach showed that mass balances between non-water process inputs 
and final plant outputs were closed to within 97.1–101.5% for all composition data across the three 
modeled species. The structure of the CAP Excel model, with modifications from the reference 
model as described herein, was validated against previously published results20 and was within 3% 
of reported values for $·gal diesel-1 and $·GGE-1. In brief, LEH modeling followed the design of 
the CAP model, but with the removal of dilute acid pretreatment and fermentation steps. 
3.3.5 TEA for biomass and fuel selling prices 
Minimum biomass selling price (MBSP, in $·ton AFDW-1) was determined through DCF 
analysis following the general approach of the reference model for microalgal cultivation.19–21 
Although past work in the reference study fixed the total production of biomass (across three 
modeled compositions for each of three microalgae) at 190,000 ton AFDW·yr-1,16 the approach 
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used in our study was to fix the size of the inoculation and basal biomass growth system (to yield 
an average of 190,000 ton AFDW·yr-1 of functional biomass) and increase the carbon content of 
biomass (via lipid and carbohydrate storage) by adding carbon-accumulation pond area 
(subsequently increasing total biomass production above 190,000 ton AFDW·yr-1). This approach 
of fixing the size of the inoculation and basal biomass growth system was designed to reduce the 
sensitivity of MBSP results to cost scaling assumptions of the infrastructure-intensive  
photobioreactors, covered ponds, and lined ponds. Seasonal variations in productivity were 
mitigated by drying and storage of a fraction of concentrated biomass (after dewatering) as 
accounted for in all downstream processes. Complete details regarding the microalgal cultivation 
system costing are available in the SI, Section 3.6.4. 
Minimum RDB selling price (MDSP, as $·gal RDB-1) and minimum fuel selling price 
(MFSP, as $·total GGE-1) were also determined with DCF. MDSP represents the potential sale 
price of RDB, with naphtha and ethanol (if produced) sold as a fuel co-product at a fixed price. 
MFSP represents the potential sale price of all fuel products – RDB, naphtha, and ethanol (if 
produced); each was translated to GGE based on its energy content. Distinct from past work,20 
neither credits nor disposal costs were associated with output streams (i.e., non-fuel co-products 
such as HTL solids or aqueous phase nutrients, AD digestate cake, CO2 streams for CAP) in this 
study. While we acknowledge there is potential value in co-product streams – for example, to 
offset nutrient and water consumption by recycling to upstream cultivation – it is highly uncertain 
how algal kinetics would be impacted by such recycles (e.g., whether inhibition would be 
observed). Finally, the modeled HTL, CAP, and LEH plants were designed to process a fixed 
annual average feedstock rate of 190,000 ton AFDW·yr-1 (i.e., the lowest productivity encountered 
from a single cultivation facility), with feedstock purchase prices set at the MBSP for a given 
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biochemical composition (an individual cultivation facility could provide biomass to one or more 
biorefineries). The economies of scale of biorefineries are readily quantified,19,20 and fixing their 
size in this study avoided bias in favor of microalgae with higher concentrations of storage 
products (which would have increased conversion plant size and, thus, cost efficiencies). 
3.3.6 Uncertainty and sensitivity analyses 
Uncertainty analysis was performed through Monte Carlo simulation with Latin Hypercube 
Sampling (LHS; to reduce computation time)24 and 1,000 trials for cultivation and each 
downstream process (HTL, CAP, and LEH). For the cultivation of biomass, uncertainty 
surrounding areal productivities (Table 3.2), PPM parameters (Table 3.5), and cost parameters 
(Table 3.6) was characterized using uniform or triangular probability distributions with minimum 
and maximum values extending 10% below and above the baseline value, respectively. For HTL, 
LEH, and CAP, process performance parameters (Tables 3.13, 3.14, 3.17 and 3.18), product 
characteristics (e.g., RDB heating value; Tables 3.13 and 3.18), and cost parameters (Tables 3.15 
and 3.20–3.22) were also characterized using uniform and triangular distributions based on 
literature data or, when data were lacking, by extending 10% below and above the baseline value. 
The sensitivity of MBSP, carbohydrate and lipid content of biomass as well as MDSP and MFSP 




3.4 Results and Discussion 
3.4.1 Feedstock production and MBSP 
Biomass productivity varied with carbon-accumulation pond retention times, with the 
highest rates of carbon storage at the beginning of the carbon-accumulation process (Figure 3.5). 
Accumulation pond acreage varied linearly with retention time since the influent flow rate and 
pond depth (0.25 m) were held constant. Increases in retention time, and thus size, resulted in 
increased storage carbohydrates and storage lipids (along with slight losses in functional biomass 
due to endogenous respiration), which also increased the total amount of biomass produced 
annually (given that total mass produced per year, as ton AFDW·yr-1, was the sum of functional 
biomass, storage carbohydrates, and storage lipids). 
Pseudo-mechanistic modeling of biopolymer (carbohydrate and lipid) storage of the three 
microalgae with the PPM17 revealed species-specific intrinsic kinetic and stoichiometric 
parameters (Tables 3.3–3.5) that defined each alga’s trajectory of biochemical compositions 
(Figure 3.5). After cell growth and nitrogen depletion in the inoculation and basal biomass growth 
system, biopolymer accumulation in the carbon-accumulation ponds was governed by three 
factors: (i) the physiological tendency of a species to store one biopolymer before the other (e.g., 
carbohydrates followed by lipids) or both in parallel; (ii) maximum specific rates of biopolymer 
storage (where “specific” rates are normalized to functional biomass concentration); and (iii) 
maximum specific storage capacity for each biopolymer. Sequential storage of carbohydrates 
followed by lipids was observed for all three species (e.g., Figure 3.2 for C. vulgaris), resulting in 
maximum carbohydrate content (as %AFDW) for retention times between 3.1–3.3 days (Figure 
3.5). Lipid content reached 95% of their maximum for HRTs between 9.3–11.4 days, with storage 
rates diminishing as the maximum specific storage capacity was approached (Figure 3.5). Beyond 
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these limited biomass composition scenarios, unique, continuous pathways of potential 
compositions were generated for each microalga (Figure 3.6) to develop a deeper understanding 
of the systems-scale implications of cultivation design decisions. 
Increasing retention times results in a trade-off between: (i) increasing the storage of 
biopolymers; and (ii) decreasing annual average areal productivity and increasing capital and 
operating costs from larger carbon-accumulation ponds (SI Figure S1). The rates of carbohydrate 
and lipid storage are the highest when cells have no existing storage products, and rates of storage 
gradually decrease as the maximum storage capacity is approached (Figure 3.2).17 Thus, 
decreasing areal productivity (in units of g·m-2·d-1) stems from both storage product accumulation 
and endogenous respiration,17 which leads to diminishing gains in biomass production with 
increasing retention times. Altogether, these factors are reflected in the MBSP which, in the case 
of C. vulgaris, reaches a minimum value with a retention time of 5 days (Figure 3.2). After this 
point, the reduced kinetics of carbon storage (evident from the changes in gradients of storage 
product curves shown in Figure 3.2) leads to additional production costs outweighing increased 
total biomass (functional biomass + storage lipids + storage carbohydrates) production. MBSP 
results for S. acutus and N. granulata reinforce this observation, although the species-specific 
accumulation rates determine different lowest MBSP points at different retention times (Figure 
3.5). MBSP results agree with previous analysis conducted by Davis et al.16, with the MBSPs of 
three compositions for each of the three species from the reference model (491–585 $·ton AFDW-
1 for the same three species, which did not evaluate kinetic tradeoffs against the compositional 
profiles) falling within the broader range of compositions and MBSP values in this study (428–
689 $·ton AFDW-1). Individual MBSP values were also similar, with the high carbohydrate 
scenario for S. acutus (31 %AFDW lipids, 14 %AFDW proteins, 55 %AFDW carbohydrates) 
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estimated at 491 $·ton AFDW-1 in Davis et al. and at 520 $·ton AFDW-1 in this study. MBSP 
trajectories could therefore provide a more dynamic range of “at the gate” cultivation results to 
supplement future integrated process modeling studies.3,12 To understand the full implications of 
cultivation decisions, however, cultivation modeling must be linked to downstream conversion 
processing in TEAs that similarly account for differences in biochemical composition. 
3.4.2 Linking cultivation to downstream processing via biochemical composition 
By including independent state variables for functional biomass, storage lipids, and storage 
carbohydrates, cultivation modeling can yield bulk biochemical composition over retention time 
(Figure 3.3).  Leveraging recent mechanistic studies that have characterized the implications of 
biochemical composition on downstream aqueous conversion processes (CAP, HTL, and LEH), 
performance of these conversion processes could be modeled across the compositional trajectories 
and MBSPs of each microalga to determine resulting product yields and final fuel prices.19,20 
Results illustrate that RDB yield, total GGE yield, MDSP, and MFSP results all vary with 
biochemical composition (Figure 3.3 for C. vulgaris; results for other species are shown in 
Figures 3.7 and 3.8). In the case of HTL, the whole biomass is processed to yield biocrude oil 
along with solid, liquid, and gaseous waste streams that are highly dependent on lipid, 
carbohydrate, and protein content of the feedstock.6,7 Specifically, based on the MCA model 
previously developed by Li et al.,7, the highest yields of biocrude oil are 85% and 45% from lipid 
and protein components, respectively, whereas carbohydrates are only expected to achieve 
biocrude oil yields of 20% (Table 3.8).7 Between the two lipid-extraction pathways, CAP 
surpasses LEH on all aspects of process performance via an additional ethanol co-product stream 
derived from the fermentation of biomass sugars,8,20 which supports the CAP fractionation 
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approaches aiming to maximize valorization/utilization of microalgae biomass components 
beyond only lipids.3,12 Based on these results, all further discussion is focused on HTL and CAP. 
For both HTL and CAP – two conversion pathways with fundamentally different 
mechanisms for production of fuel products – results presented here support biomass composition 
as a key determinant of integrated process performance regardless of choice of downstream 
biorefinery and microalgal species, albeit at differing magnitudes for both processes. Consistent 
with past reports that have explored the impact of a subset of biochemical compositions on 
conversion performance and fuels and bioproduct yields,6,7,10,20,25 these results further reinforce 
the notion that biomass composition will be a major factor in the final selling price of biofuels 
from any method of microalgal biomass conversion (aqueous or otherwise) and should be a 
foundation upon which process analysis is conducted (experimental or modeling). 
3.4.3 Integrated modeling for system optimization 
Independent optimization of cultivation and downstream processing is a barrier to the 
advancement of the microalgae-to-biofuel system as a whole. This fact is illustrated by the lack of 
alignment between biochemical compositions with the lowest MBSPs and biochemical 
compositions that yield the lowest MDSPs and MFSPs (Figure 3.3). Optimal MDSPs and MFSPs 
for each process and microalgae species were instead found at compositions with lipid 
accumulation beyond those with the lowest MBSP (Figure 3.3 for C. vulgaris, Figures 3.7 and 
3.8 for S. acutus and N. granulata, respectively). MBSP still remains the dominant contributor to 
fuel selling prices (51.8–87.5% of MDSP across both CAP and HTL of all compositions and 
species analyzed; Figure 3.9), which is in agreement with previous studies (74% of MDSP for 
HTL;19 70% of MFSP for CAP20). However, results suggest that designing cultivation systems to 
supply biomass at the lowest MBSPs (e.g., as a primary cost reduction measure) is unlikely to 
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optimize fuel prices for current conversion technologies given the resultant compositions were 
sub-optimal for both CAP and HTL; the development of conversion processes capable of improved 
protein valorization may reduce this tension between MBSP and MDSP/MFSP. Overall, the trends 
in optimal fuel prices are relatively consistent across processing technologies and microalgae 
(Figure 3.3), with minimum MDSPs and MFSPs with storage polymers at 86–99% and 82–89% 
of species’ carbohydrate and lipid storage capacity, respectively (Figure 3.3). 
In addition to optimal biochemical compositions for each microalga in each conversion 
process, another key finding is that each conversion pathway (HTL vs. CAP) has feedstock 
compositional spaces in which it outperforms the alternative process based on key metrics (RDB 
yield, total GGE yield, MDSP, and MFSP; Figure 3.4). Specifically, HTL outperforms CAP for 
higher protein biomass, largely due to the conversion of proteinaceous biomass into biocrude fuel-
intermediates by HTL (>40% of proteins are converted to biocrude;7 Table 3.8); this additional 
yield, however, is accompanied by increased biocrude nitrogen content6,7 which may create 
challenges for hydrotreating for fuel production (e.g., increased nitrogen content in HTL RDB 
which may require additional hydro-denitrogenation steps26). In CAP, the protein fraction is 
managed as residual biomass and valorized via AD, which achieves markedly lower levels of 
energy production (by way of biogas) per gram of proteinaceous material.20,22 Conversely, CAP 
outperforms HTL for biomass with higher concentrations of storage polymer due to the 
mechanisms of fuel production in CAP including: (i) a less energy intensive pathway for the 
conversion of lipids to RDB and naphtha through solvent extraction followed by catalytic 
hydrotreating (as compared to subcritical water reformation followed by catalytic hydrotreating in 
HTL19); and (ii) targeted valorization of carbohydrates through an ethanol fermentation pathway 
(as compared to lower biocrude yield from carbohydrates through HTL). Furthermore, the 
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biochemical fractionation approach pursued by CAP also allows for the production of valuable co-
products beyond fuels from each of the product streams. 
In addition to biochemical compositions in which one conversion technology out-performs 
another (CAP favorable vs. HTL favorable sections of Figure 3.4), it is also important to consider 
the magnitude of those differences. For instance, in areas where HTL is more favorable than CAP 
(i.e., higher protein compositions), the percentage difference between the two technologies (for 
MDSP and MFSP) is much larger than in areas where CAP is more favorable than HTL (Figure 
3.3). This observation is, in part, driven by the more rapid changes in biochemical composition in 
the first few days of carbon accumulation, as opposed to slower changes in composition after 
longer periods of carbon accumulation (Figure 3.3). HTL can be considered as a viable alternative 
to CAP, with the minimum MFSP for CAP and HTL, respectively, at 5.33 and 6.09 $·total GGE-
1 for C. vulgaris, 5.99 and 6.81 $·total GGE-1 for S. acutus, and 4.62 and 4.60 $·total GGE-1 for N. 
granulata (results for minimum MDSP follow the same trends; Figures 3.7 and 3.8). While the 
focus of this study remains on varying microalgae species, compositions and downstream 
conversion processes, it is informative to compare the MFSP predictions as provided by similar 
design studies and TEA projections for RDB products from other types of biomass feedstocks and 
associated processing pathways; a summary of these predictions is provided in Table 3.23. Results 
suggest that MFSPs from woody biomass and waste vegetable oil (3.39–3.78 $·total GGE-1) are 
closer to goals as set out by the US Bioenergy Technologies Office (3 $·total GGE-1)16, likely due 
to a combination of significantly lower biomass prices (e.g., woody biomass is priced at 80 $·ton 
AFDW-1,16 as compared to 520 for C. vulgaris biomass in this study) and more established 
processing technologies. It is noted here that in providing these comparisons, the lack of 
harmonization of TEA methodology and assumptions across a multitude of biomass feedstocks 
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and processing technologies continues to hinder accurate comparisons,27 and thus these estimates 
are best viewed as a guideline as opposed to the suggestion that a certain feedstock or pathway 
will in all circumstances outcompete the others. 
Beyond TEA results, it is important to note that other factors not mechanistically modeled 
in this analysis may also play a role in system design. For instance, stochastic or qualitative factors 
should also be considered, including culture stability (e.g., resistance to crashes) in the 
accumulation ponds at longer retention times28 and challenges in scaling up either downstream 
process.3 On-going and future research may circumvent these challenges (e.g., metabolic 
engineering of microalgae to achieve target compositions without the need for long term nutrient 
starvation),29 the value of which can only be quantified through integrated modeling platforms 
linking cultivation and downstream processing (as developed in this study). Altogether, these 
results demonstrate that neither downstream conversion process is inherently more favorable than 
the other, and that both are likely to be viable within biomass compositional regions more suited 
to the principal mechanisms of the conversion technology and whether or not co-products may be 
included in the overall process integration (Figure 3.4). 
3.4.4 Prioritization of research and development pathways 
The analysis presented here has demonstrated an overarching modeling approach aiming 
to more rigorously track variations in microalgae species, biomass compositions, cultivation 
kinetics, and conversion pathways to improve the technical robustness of microalgal biofuel 
system models in order to highlight paths to improve the economic viability of these processes. As 
we seek to further advance such systems, the relative importance of individual factors can be 
characterized via sensitivity analysis. Final projections of MFSP and MDSP are sensitive to both 
cultivation and downstream processing parameters that influence biochemical composition and the 
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conversion efficiencies of storage biopolymers to biofuels, even more so than static process 
farm/plant design decisions not directly connected to biomass compositions (Figures 3.10 and 
3.11). For cultivation, the relative importance of individual growth and carbon storage parameters 
(kinetic and stoichiometric) varied as a function of retention times (Figure 3.10). In particular, 
maximum specific storage rates (i.e., kinetics) were of greater importance at short retention times 
and maximum specific storage capacities (i.e., stoichiometric) were of greater importance at longer 
retention times (Figure 3.10, right column). Future work targeting increased areal productivities 
in scalable cultivation systems should include monitoring of biochemical composition over 24-
hour cycles to reduce the uncertainty around growth and carbon storage kinetics: a necessary step 
in improving the accuracy of MBSP projections.  
For conversion processes, MFSP and MDSP for HTL are particularly sensitive to biocrude 
yields from carbohydrates (5th–95th percentiles of Spearman’s rho values of -0.80 to -0.14 for 
MFSP and -0.81 to -0.13 for MDSP) and lipids (5th–95th percentiles -0.79 to -0.25 and -0.80 to -
0.25 for MFSP and MDSP, respectively; Figure 3.11). Sensitivity of HTL yields to lipid content 
can be expected due to the (approximately) linear response of biocrude yields with increasing lipid 
content as found in previous work.6 Sensitivity to carbohydrate content, however, is likely the 
result of the rapid rate of carbohydrate storage, which helped drive down MBSP and, in the case 
of CAP, increased ethanol yields. Given the limited energetic benefit of carbohydrates to HTL 
products,6,7 alternative pre-treatment or pre-fractionation methods should be explored to better 
valorize the carbohydrates prior to HTL conversion (e.g., hybrid CAP-HTL processes) to take 
better advantage of this early biopolymer storage. The MFSP from CAP was most sensitive to 
fermentable carbohydrates hydrolysis efficiency (5th–95th percentiles of Spearman’s rho values of 
-0.69 to -0.10; Figure 3.11). For carbohydrate hydrolysis, higher yields may be achieved by 
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exploring alternative acids and other potential catalysts, as well as alternative conditions (acid 
loading, temperature, retention times). A previously un-reported design parameter to which CAP 
MFSP and MDSP were sensitive was the C:N design ratio for AD (5th–95th percentiles of 
Spearman’s rho values of 0.12 to 0.59 for MFSP and 0.12 to 0.61 for MDSP). Maintaining 
consistent digester feedstock and loading could help the microbial community acclimate to the 
waste stream and maintain stable digester performance at the lower C:N limit. MDSP of CAP was 
also sensitive to RDB density and neutral lipid extraction efficiency. The former was expected 
given RDB liquid density would influence the volumetric production of RDB after conversion 
from mass unit inputs of biomass, but this finding also supports the need for further efforts to better 
characterize CAP RDB physical properties. 
3.5 Conclusion 
This work has demonstrated the potential viability of HTL and CAP conversion processes 
or, more broadly, both whole biomass processing and fractionation pathways for microalgal 
biomass conversion to biofuels. This finding supports continued investment in research and 
development of such multiple competitive conversion pathways to reduce long-term risk and 
provide industry with a portfolio of technological solutions that can be tailored to locality- and 
market-specific scenarios. Specific recommendations for whole biomass processing techniques 
(e.g., HTL) include a need to reduce uncertainty surrounding conversion parameters of individual 
compounds (e.g., stored carbohydrates), which can be achieved by expanding the library of 
compositions and microalgae species used for model calibration and validation while also 
developing predictions for biocrude oil and hydrotreated RDB product quality. Transitioning away 
from smaller-scale experimental samples towards pilot-scale or continuous-flow demonstrations 
would also provide higher fidelity prediction models for integrated system design. For biomass 
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with higher concentrations of storage biopolymers, fractionation approaches (i.e., CAP) can 
provide a platform for more economical biofuels given the potential to produce a portfolio of 
valuable products from the separated fractions, such as fermentation of sugars to produce succinic 
acid instead of ethanol, isolating algal sterols (e.g., for conversion to surfactants), or upgrading of 
a portion of lipids to polyurethanes.10,30 Moving toward higher-value co-products beyond fuels 
could expand the range of biochemical compositions within which the CAP pathway achieves the 
lowest fuel selling prices, and may be a critical consideration in the pursuit of fuel costs on the 
order of $3 per GGE or lower (which neither conversion scenario demonstrated here when focused 
exclusively on fuels and lower-value CHP co-products). Another key opportunity for 
fractionation-type processes would be the development of improved methods for the valorization 
of the protein fraction of biomass. One possible approach for this would be the integration of HTL-
type thermochemical side-stream processes for conversion of the proteinaceous fraction to 
biocrude oil, thereby replacing AD as the primary treatment for protein residuals. 
Given that biorefinery plants are typically designed with a fixed sequence of processes, 
conclusions from this study based around the variances in composition and downstream 
technology is intended to guide the design of these plants at the onset through early decision 
making in selection of target composition (where cultivation farms are able to tailor biomass 
compositions such as those shown in Figure 3.2) and then determining a compatible downstream 
processing method which favors that target composition. Conversely and applicable for microalgae 
biomass production facilities which do not have the luxury of tailoring for specific biomass 
compositions, particularly those produced from microalgae wastewater treatment facilities 
(WWTP) where biomass is not typically explicitly tailored for biofuel production (e.g., less lipid 
accumulation),31,32 selection of a compatible downstream process can also be informed through 
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the integrated modeling framework to maximize net energy returns (e.g., targetting higher fuel 
yields as a priority over lower product selling prices). Given the modularity in the integrated 
modeling framework where the downstream process models are designed to be agnostic of 
microalgae species (or even for non-microalgal biomass such as residual sludge31,33, though this 
would require adjustments to the yield prediction models), further work can seek to link these 
downstream models to an upstream cultivation model designed around biomass production from 
a WWTP employing conventional aerobic digestion or microalgae treatment technologies (such 
as those recently performed by Zhou et al.32 and Sturm and Lamer34) to determine whether similar 
findings would be observed (e.g., a protein-rich biomass with little to no storage carbon 
accumulation would be best suited for HTL processing; Figure 3.4). 
Ultimately, cultivating biomass compositions to achieve the lowest MBSP or to maximize 
lipid content has been shown through this analysis to lead to sub-optimal fuel production costs,  
demonstrating the clear need to leverage integrated modeling platforms to advance microalgae 
biofuel systems as a whole. Through a combination of rigorous experimentation and integrated 
process modeling, multiple microalgal conversion platforms may continue to be advanced and 
contribute to a portfolio of economically viable biofuels. 
3.6 Supplemental Information 
3.6.1 Cultivation modeling 
3.6.1.1 Algal cultivation process design reference model 
The techno-economic analysis (TEA) in Davis et al.16 was utilized as a baseline for 
determining minimum biomass selling prices (MBSP, in terms of $·ton AFDW-1 (ash free dry 
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weight), where $ is in 2011 US Dollars (2011US$)). For the purposes of costing, pond designs 
from four companies (i.e., Leidos, Harris, MicroBio, and GAI) were analyzed and the average cost 
was used (consistent with 16). Three algal species were examined in this analysis: Chlorella 
vulgaris, Nannochloropsis granulata, and Scenedesmus acutus. An overview of the algal 
cultivation system, along with scaling methods, is provided in Table 3.1. Prior to open ponds, 
algal biomass was initially grown as a pure culture in closed photobioreactors (PBRs), covered 
ponds, and open fully-lined ponds – in this sequence, each with increasing volumes (Area 100 or 
A100 in this study; A200 in 16). After growing the algae under these conditions, algal biomass 
entered an open pond cultivation system (A200 in this study; A100 in 16). Purified CO2 was sourced 
from power plant flue gas (with carbon capture and transport) and nutrients were supplied to 
achieve adequate growth of the high protein biomass, after which the cultures became nitrogen-
limited to induce carbon (i.e., lipid and carbohydrate) storage. Biomass was then harvested at 0.5 
g·L-1 (0.05 %AFDW) and dewatered through three steps consisting of gravity settling, membrane 
filtration (with hollow fiber membranes), and centrifugation, concentrating the biomass to 200 g·L-
1 (i.e., 20 %AFDW) in the final product stream. CO2 storage and distribution, water circulation 
pipelines, and product storage tanks were also included in the design, consistent with 16. 
Results of the predicted cultivation production rates for C. vulgaris, S. acutus, and N. 
granulata are shown in Figure 3.5 (for biomass compositions in terms of g·L-1, biomass 
production, MBSP, and pond surface area). Compositions are also represented in terms of 
%AFDW of the three major biomass components (i.e., lipids, proteins, carbohydrates) in Figure 
3.6 along with the corresponding MBSP for those compositions. Corresponding uncertainty results 
are also provided in those figures where available. 
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3.6.1.2 Detailed assumptions and modifications to reference model 
The algal cultivation system in this study was designed to achieve all inoculum biomass 
growth (in the presence of both nitrogen and phosphorous) in A100. Immediately upon nitrogen 
depletion at the end of A100, algae flowed into A200 (the carbon-accumulation ponds) to facilitate 
carbohydrate and/or lipid storage in the absence of nitrogen. Therefore, the “high protein” scenario 
assumed that the algae were harvested immediately after nitrogen was exhausted (i.e., after A100). 
Carbon-accumulation pond footprint was a function of flow rate, pond depth, and the solids 
residence time (SRT) required to achieve a desired biomass composition. Assuming flow rate 
(70,000 m3·h-1) and pond depth (0.25 m) are constant, acreage varies linearly with SRT. 
3.6.1.2.1 A100 inoculation and growth 
190,000 tons of functional (high protein) biomass were assumed to be produced yearly in 
all scenarios resulting in a fixed inoculation system size and resource demand (e.g., nutrients). 
System configurations (e.g., the type of PBR) and assumptions related to the types of equipment, 
civil works, etc., were consistent with 16 but resized for the facility in this study. The inoculation 
system consisted of PBRs (horizontal tubular, serpentine, airlift-driven); a covered, lined pond; an 
uncovered, lined pond; and an uncovered, unlined pond. The pond design included civil work, 
paddlewheel equipment, electrical and instrumentation equipment, concrete, and water piping. 
CO2 piping cost was included in the total CO2 distribution cost for the facility. The lined ponds 
were fully lined with a 40-mil geomembrane. The covered, lined pond was enclosed by a plastic 
hoop air-supported greenhouse. Areal productivity (AP) of the PBRs was assumed to be 35 g 
AFDW·m-2·d-1,16 but was reduced to 25 g AFDW·m-2·d-1 for all pond-based cultivation 
technologies.16 APs were included in the uncertainty and sensitivity analyses (Table 3.2). Final 
A100 biomass yield (measured in g AFDW·d-1) was assumed to match values published in 16, 
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which necessitated an increase in unlined, open pond sizing (based on the reduced productivity in 
ponds relative to PBRs). This in turn increased energy and CO2 consumption relative to 16. 
3.6.1.2.2 A200 carbon accumulation 
Carbon-accumulation ponds were designed as a series of unlined, 10-acre, paddlewheel-
mixed raceway ponds; designs included grading, pumps, concrete, and piping. For the carbon-
accumulation ponds, carbon storage in nitrogen-deplete conditions was assumed to behave 
according to the calibrated phototrophic process model (PPM).35 As a result, productivity varied 
with SRT in the carbon-accumulation ponds, with the highest rates of carbon storage (unlined 
pond, Table 3.2) at the beginning of the carbon-accumulation process (before the accumulation of 
storage lipids and storage carbohydrates slowed the rate of storage). 190,000 tons of functional 
biomass (i.e., high protein biomass) were assumed to be produced yearly in all scenarios and 
compositions (as described in A100, above). Therefore, increases in carbon-accumulation pond 
size resulted in increased storage carbohydrates and storage lipids, as well as slight losses in 
biomass because of endogenous respiration.35 Thus, the carbon-accumulation ponds resulted in an 
increase in the total amount of biomass that was produced annually. Total mass produced per year 
(ton AFDW∙yr-1) was the sum of functional biomass, storage carbohydrates, and storage lipids 
(Figure 3.6). In order to focus analysis on the influence of biomass compositions (as a function of 
retention time), downstream process modeling purchased a fixed annual average feedstock rate of 
190,000 ton AFDW of biomass regardless of compositions; any excess biomass beyond 190,000 
tons was assumed to be sold to other commercial applications. 
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3.6.1.2.3 A300 CO2 delivery 
Design of the CO2 delivery system was consistent with 16, scaled using the method 
described in Table 3.1. Briefly, pure CO2 entered the plant via a pipeline and was stored in a 
pressurized storage sphere. The liquid CO2 was vaporized via immersion heaters and transported 
to the ponds as needed through a network of pipes. A300 was scaled linearly with SRT so that 
there was sufficient piping to deliver CO2 throughout the plant. The amount of CO2 required was 
determined based on the total carbon leaving either as biomass or CO2 loss. It was assumed that 
as CO2 requirements rise, delivery of pure CO2 into the plant would also increase. 
3.6.1.2.4 A400 makeup water delivery and on-site water circulation 
Design of the makeup water delivery system was consistent with 16, scaled using the 
method described in Table 3.1. Briefly, makeup water was considered to be delivered from a 
nearby groundwater resource outside the facility. After the carbon-accumulation ponds, water 
drained through channels, assisted with harvest pumps, to A500. Effluent from the primary settler 
flowed through aqueducts to the rest of A500. Following dewatering, water was circulated via 
underground piping and was pumped assuming a pump efficiency of 67% to A200. 
3.6.1.2.5 A500 dewatering  
Biomass dewatering consisted of trapezoidal settlers, hollow fiber membranes, and bowl 
centrifuges and was designed to produce 20 %AFDW solids. Settling tanks were designed based 
on hydraulic retention time (HRT) and solids loading rate (SLR). The required number of settling 
tanks was calculated based on accommodating a minimum combined HRT of 4 h16 and a maximum 
SLR of 1 kg·m-2·h-1.36 Other dewatering components (i.e., membranes and centrifuges) were fixed 
in size (same sizing as in 16) because the settling tanks were designed to provide a consistent flow 
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rate to the membranes. The implications of including a filter press in the dewatering process was 
also evaluated, assuming a filter press was able to replace both membranes and centrifuges. 
However, the difference in MBSP between the two design scenarios was minimal. Thus, the 
original dewatering design that included membranes and centrifuges (consistent with 16) was used 
in all final results. 
3.6.1.3 Modeling algal biochemical composition 
3.6.1.3.1 PPM structure 
Algal cultivation was dynamically modeled using the PPM which included algal growth, 
endogenous respiration, and the storage and mobilization of carbohydrates and lipids.35 The PPM 
comprised of eight state variables (Table 3.3) which were calculated iteratively according to 
eleven rate equations (Table 3.4). State variables were affected by rate equations based on 
stoichiometric and kinetic parameters (Table 3.3 and 3.5), following the same general modeling 
structure (i.e., a set of ordinary differential equations and accompanying Petersen matrix) as other 
bioprocess engineering models (e.g., the Activated Sludge Models32). 
3.6.1.3.2 Calibration of the PPM 
Experimental data from 5 – including algal composition over time (i.e., percent lipids, 
proteins, carbohydrates, and ash) – were used for the calibration of maximum lipid and 
carbohydrate storage and the initial relative rates of lipid vs. carbohydrate storage. Compositions 
were corrected to 100 %dw (% dry weight) using the method described in 39 (see below). A value 
of 4.78 was used to convert measured nitrogen content to protein content (the average value across 
all species from 40). Moisture corrected composition values were calculated as follows: 
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XMC [%] = 
X [%]
Massdry [%]
          Equation 3.1 
where X was the component (e.g., protein) as a percentage of total mass, Massdry was the dry mass 
as a percentage of total mass, and XMC was the moisture corrected composition of X. The moisture 
corrected mass closure was the sum of moisture corrected composition values. The final closed 
mass balance was calculated as follows: 
Xclosed [%] = 
XMC [%]
∑XMC [%]
          Equation 3.2 
Once the closed percent compositions were calculated (totaling 100 %dw), the XL,tot:XP 
(where XL,tot is total lipid concentration in the reactor and XP is the total protein concentration in 
the reactor, both in units of mass per volume) and XC,tot:XP (where XC,tot was total carbohydrate 
concentration in the reactor in units of mass per volume) ratios were calculated at each time point 
and the minimum value was determined. These minima were then multiplied by the mass-closed 
percent XP to determine functional lipids (XL,func) and functional carbohydrates (XC,func) at each 
timepoint. Functional biomass was considered to be the sum of XP, XL,func, and XC,func (consistent 
with 35). For each species of microalgae, the molecular weight of functional biomass was 
determined based on the XP:XL,func:XC,func ratios. 
Storage lipids (XL,stor) and storage carbohydrates (XC,stor) were assumed to be any lipids or 
carbohydrates in excess of the functional lipids (XL,func) or functional carbohydrates (XC,func), 
respectively. The ratios of stored lipids and carbohydrates to cells (fLI and fCH, respectively) were 
then calculated by dividing storage polymers (XL,stor or XC,stor) by functional biomass at each time 
step. Once fLI and fCH were calculated for the experimental data, four additional PPM parameters 
were calibrated: (i) maximum specific carbohydrate storage rate, q̂CH; (ii) maximum specific lipid 
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storage rate, q̂LI; (iii) maximum storage capacity of carbohydrates, fmaxCH; and (iv) maximum 
storage capacity of lipids, fmaxLI. fmaxCH and fmaxLI were considered to be maximum observed 
carbohydrate and lipid storage values from the experimental data5. Kinetic parameters, q̂CH and 
q̂LI, were calibrated assuming an initial concentration of 1,000 g cells·m-3, a pond depth of 0.25 m 
(where light penetrates the first 0.03 m), and an initial productivity of 35 g AFDW·m-2·d-1. 
Calibration was performed via linear regression, q̂CH and q̂LI were the slope of the regression at the 
maximum rate of carbohydrate and lipid storage, respectively. The specific maintenance rate 
(mATP) was set such that endogenous respiration was 4% of the maximum observed rate of carbon 
storage (i.e., carbohydrate plus lipid).41 For sensitivity and uncertainty analyses, triangular 
probability density functions (PDFs) were used, with minima 10% below and maxima 10% above 
most probable values. Values for all other PPM model parameters were obtained from 35. 
The following calculations were conducted to determine molecular weight of functional 
biomass for each species: 






          Equation 3.3 
where all X values are in C mol (moles of carbon). Once the number of moles of functional biomass 
was calculated, molecular weight of functional biomass was calculated as: 









          Equation 3.4 
where molecular weights are in g·mol-1 and all X values in C mol. 
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3.6.1.3.3 Modeling biochemical composition in A200 
The PPM was utilized to model biochemical composition as a function of retention time in 
the carbon-accumulation ponds. The PPM was run for 20 d with a time step of 0.1 d. The first time 
step was 0.01 d in order to improve precision of initial model results; the second time step was 0.1 
d and increased by 0.1 d from then on. Each model run assessed the impact of day/night cycles by 
averaging results from six separate starting points (i.e., 0, 4, 8, 12, 16, and 20 h, out of a 24-hour 
day) in order to remove noise induced by diel trends in light. Each day was assumed to have 14 h 
of daylight with sinusoidal increase and decrease of solar irradiance. Results of the predicted 
cultivation production rates for C. vulgaris, S. acutus, and N. granulata are shown in Figure 3.5 
(for biomass compositions in terms of g·L-1, biomass production, and pond surface area). 
Composition results are also represented as %AFDW of the three major biomass components (i.e., 
lipids, proteins, carbohydrates) in Figure 3.6. 
3.6.1.4 Determination of MBSP 
Modeled biomass compositions were then used to determine how final composition affects 
production costs. Costs were divided into three categories (capital costs, fixed operating costs, and 
variable operating costs) and were normalized to 2011US$, consistent with prices throughout the 
other process models. Unit costs for capital equipment and processes, as well as the approach to 
capital cost estimation as a function of system size, were consistent with the published baseline 
TEA.16 Given the fixed functional biomass production rate and forward flow through the system, 
costs associated with inoculation and dewatering remained constant regardless of carbon-
accumulation pond size. Conversely, capital costs for carbon-accumulation ponds, CO2 delivery, 
biomass storage, and water pumping were assumed to vary linearly with pond footprint. The 
general method for calculating installed equipment costs can be found in 16. Other capital costs, 
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such as warehouses and offices, were calculated as a percentage of the equipment cost; percentages 
can be found in Table 10 of 16. 
Fixed operating costs include labor, maintenance, and property insurance/tax. Labor was 
assumed to be constant, but maintenance varied with equipment costs of A100 – A500 (i.e., 3% of 
A500, 0.5% of A100 – A400) and property insurance/tax was assumed to be 0.7% of the fixed 
capital investment (FCI). Variable operating costs included CO2, NH3, and diammonium 
phosphate (DAP) consumption as well as usage of electricity and chilled water. Since all 
cultivation scenarios for a given microalgal species were assumed to have the same magnitude of 
functional biomass, NH3 and DAP consumption were not varied. Chilled water was not varied 
because its contribution to total yearly operating costs was less than 2%. Electricity consumption 
from inoculation and dewatering were assumed constant, but electricity used for carbon-
accumulation ponds scaled linearly with pond footprint. CO2 consumption varied based on the 
total amount of biomass produced (i.e., functional biomass, storage carbohydrates, and storage 
lipids) and the estimated carbon content of the cell and was calculated using the equation below: 
CO2 demand [kg·day-1] = 
total biomass [kg·day-1] × C fraction [kg C·kg biomass-1] × 44 kg CO212 kg C
CO2 utilization efficiency
          Equation 3.5 
where utilization efficiency of CO2 is assumed to be 0.90 (90% efficiency) 16. All costs as described 
were applied to a discounted cash flow rate of return (DCF) analysis to determine MBSPs. Details 
on DCF methodology, which was identical for all process models, are provided in the following 
section; any information or parameters unique to the process models are provided in the respective 
sections for those models. 
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3.6.1.4.1 DCF analysis 
Annual biomass production, total capital investment (TCI), and annual farm operating costs 
were applied to DCF analysis to estimate MBSP (in terms of $·ton AFDW-1) following standard 
methods as published in the literature 16,21. These results are most appropriately viewed as “nth-
plant” cost estimations in line with similar TEAs published in the literature,16,19–21 and were 
calculated as and reported in 2011US$. Complete details on the financing and operating 
parameters are listed in 21, with the key exceptions of land costs and total salaries (both of which 
are unique for cultivation and downstream modeling as detailed in the respective sections). 
Additional details for cultivation modeling DCF not available in 21 are provided in Table 3.6, 
together with details on the associated uncertainty parameters. Predicted MBSP results and 
associated uncertainty results are provided in Figure 3.5, and also represented as %AFDW of the 
three major biomass components (i.e., lipids, proteins, carbohydrates) in Figure 3.6. 
3.6.2 Downstream process modeling for HTL 
3.6.2.1 HTL process design reference model 
Plant-scale process modeling for HTL of wet microalgae biomass used the approach, 
process schematics, and flow diagrams produced and reported in text by Jones et al. as the baseline 
reference19 in order to construct a Microsoft Excel spreadsheet model to process all biomass 
composition data. This was done by exporting the stream material tables in the reference model 
(i.e., the components and mass flow rates as provided in 19) to an Excel spreadsheet, and using 
Excel to link the streams according to the flow diagrams provided in 19 in order to simulate process 
flows. These material tables were also linked with precedent formulas such that varying HTL 
product yields (i.e., different amounts of biocrude, aqueous phase, solid and gas products due to 
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varying biochemical compositions of feedstock biomass) would propagate changes to stream 
material balances throughout the entire process flow (scaling methods as summarized in Table 
3.7), which could then be used to calculate process results (e.g., fuel blendstock yields, minimum 
product selling prices) for each composition. Predictions of HTL product yields, biocrude nitrogen 
content (%N), and solids carbon content (%C) from biomass compositions (i.e., lipids, proteins, 
carbohydrates, %C, and %N) were obtained using the multiphase component additivity prediction 
model (MCA7). 
The complete HTL process design in the reference model was used in this study as the 
baseline without modifications to infrastructural design decisions, including process flow 
diagrams, unit process selection, upgrading steps for the HTL biocrude, and treatment of HTL 
waste discharge (unit processes as summarized in Table 3.719). As such, the fractionated products 
post-HTL were treated according to methods described in the reference model (i.e., catalytic 
hydrotreating and catalytic hydrothermal gasification (CHG) for the biocrude and aqueous phase 
products, respectively19). The gas product was used to supplement natural gas for in-house 
production of hydrogen, and the solid product (fraction of which not dissolved in the aqueous 
phase) was discharged as a potential biochar co-product (i.e., neither credit nor cost associated 
with production or disposal, respectively). Calculations based on this method showed that mass 
balances between non-water process inputs (i.e., dry algae biomass and methane) and final plant 
outputs (e.g., finished fuel blendstock, solubles in the discharge water, etc.) were closed to within 
98.9 – 100.5% for all composition data points across the three modeled species. The structure of 
the Excel model, with modifications from the reference model as described herein, was tested by 
applying the exact parameters as used in 19 to perform an analysis; results were reproduced within 
0.05% of those reported in the reference TEA (calculated values of 4.772 $·gal diesel-1 and 4.492 
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$·GGE-1, or gasoline gallon equivalent, compared to the reported values of 4.77 and 4.49, 
respectively). 
HTL process fuel yields include the primary renewable diesel blendstock (RDB) product 
(in terms of gal RDB-ton AFDW-1) and a gasoline blendstock co-product defined as naphtha in 
this analysis (reported with RDB GGE as total GGE·ton AFDW-1;19,21). Costing was performed 
using DCF analysis after scaling for capital and operating costs from the reference model to 
estimate: (i) minimum RDB selling price (MDSP; in terms of $·gal RDB-1), where naphtha was 
credited as a co-product using a fixed price (in $·gal-1; details on co-product credits are provided 
in Table 3.15); and (ii) minimum fuel selling price (MFSP in terms of $·total GGE-1), where total 
GGE includes naphtha and RDB GGE. 
Given that the reference model (originally produced in Aspen Plus) was reconfigured as a 
Microsoft Excel spreadsheet for this analysis, modeling for process parameters such as process 
heat (and hence natural gas and electricity demand), steam and cooling water requirements, and 
pinch analysis (heat integration) could not be adequately performed through the spreadsheet 
model. As such, demand and hence costs of utilities (consisting of natural gas – for both drying of 
algae for storage due to seasonal variances and for in-house H2 generation – electricity, and water 
makeup) and various other plant operating material demands or costs (where stated in detail in the 
following sections; e.g., H2 plant catalyst demand) were scaled from those reported in the reference 
model based the mass of feedstock processed (i.e., new feedstock inflow over reference model 
feedstock inflow) per Equation 3.6: 
Modeled parameter [-] =  baseline parameter [-] ×  
annual average feedstock rate in modeled scenario [ton AFDW·d-1]
annual average feedstock rate in reference scenario [ton AFDW·d-1] 
          Equation 3.6 
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where the reference scenario average feedstock rate for HTL was 1339 ton AFDW·d-1 according 
to 19; daily feedstock rate for the HTL model in this study was fixed at 576 ton AFDW·d-1 (after 
adjusting for seasonal variations by drying excess biomass) for all compositions. Uncertainty 
analysis performed also included these process demands and costs in order to assess their relative 
impacts on the process results; uncertainty in natural gas consumption is provided in Table 3.14, 
and uncertainties for the costing of various plant operating costs (e.g., catalysts, water, electricity, 
natural gas prices) are provided in Table 3.15. Complete details pertaining to the spreadsheet 
model analysis, costing, and associated justifications and assumptions for the HTL process are 
described in the following sections. The complete HTL process was identical for all three modeled 
algae species – C. vulgaris; S. acutus; and N. granulata. 
3.6.2.2 Detailed assumptions and modifications to reference model 
3.6.2.2.1 A100 HTL conversion of wet biomass and prediction of product yields 
To modify the reference model to predict HTL yields from biomass of varying 
compositions, the single set of product yields in the original design basis (i.e., 51 %AFDW, 43 
%AFDW, 4 %AFDW, and 2 %AFDW for biocrude, aqueous, gaseous, and solids, respectively 19) 
was replaced with yield predictions provided by the MCA model with revisions (Table 3.87) – the 
original coefficients of prediction were revised (Table 3.8) to ensure that mass balance of product 
yields from each biomass component summed to 100 %AFDW, a critical prerequisite in applying 
the model within a process simulation built upon material flow balances. Biocrude %N was 
predicted by the MCA using the protein content of the biomass (0.133 times AFDW protein 
content). Solids product %C was predicted by the MCA using the carbohydrate content of biomass 
(65.0 %C or 1.75 times AFDW carbohydrate content, whichever was lower 7). Uncertainty 
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surrounding the revised coefficients are provided in Table 3.9. For example, the MCA predicts 
that microalgae biomass with 40 %AFDW lipids, 30 %AFDW proteins and 30 %AFDW 
carbohydrates would yield: (i) 53.3 %AFDW, 20.6 %AFDW, 14.8 %AFDW, 11.3 %AFDW for 
the biocrude, aqueous phase, gas and solid products, respectively; (ii) the biocrude would have 4.0 
%N; and (iii) the solids product would have 52.5 %C. 
It is noted here that the MCA model was calibrated using results from HTL experiments 
performed in batch reactors with reaction conditions of 300 °C and 30 min,7 whereas the reference 
model designed the HTL unit process as a plug flow reactor at 350 °C and an equivalent retention 
time of 15 min.19 Given that specific energy demands associated with the HTL unit process were 
not available in the reference model, coupled with the more important inability to perform accurate 
heat integration analysis to adjust the reactor to reaction conditions similar to the MCA, it was 
therefore conservatively assumed in this analysis that a more severe reaction condition from the 
reference model was applied to the HTL reactor (i.e., energy demands associated with the HTL 
reactor were not scaled down for lower temperature), but product yields were those predicted by 
the revised MCA coefficients (Table 3.8). 
3.6.2.2.2 A200 CHG of HTL aqueous phase 
Microalgae HTL aqueous phase is a complex mixture of aqueous-soluble organic 
compounds dissolved in post-HTL water.42–44 Dissolved organic carbon and nitrogen in the 
aqueous phase from HTL of various biomass compositions can range between 15 – 40 g C·L-1 and 
3 – 20 g N·L-1 such as in the case of HTL of Nannochloropsis,39 precluding the discharge of 
aqueous phase streams to the environment without pre-treatment. While recent efforts to utilize 
the nutrient-rich aqueous phase product have shown that various dilutions (on the order of 10 – 
100 times with fresh water, depending on the biochemical composition of the feedstock) can be 
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recycled to microalgae ponds in order to supplement nutrient demand for cultivation,32,42 modeling 
the complex recycling of aqueous phase to upstream cultivation and the associated credits and 
costs is beyond the scope of this study. The aqueous phase was therefore treated using CHG (A200) 
similar to the reference model,19 where a portion of the dissolved organic carbon can be recovered 
as combustible fuel gas,45,46 while also treating the water prior to discharge. 
Extensive modeling of the composition of the aqueous phase due to varying feedstock 
compositions was not conducted in this analysis given the principal focus on the biocrude and 
hydrotreated product streams, which constituted the fuel products. As such, the composition of 
HTL aqueous phase used in the reference model was first modified to account for both residual 
biomass nitrogen not distributed to the biocrude and mass yield predictions (as provided by the 
revised MCA). After a pre-treatment step to remove sulfur from the aqueous phase, 57 %wt of the 
carbon mass in the aqueous phase was estimated to end up in the fuel gas (based on the reference 
case19), while the remainder carbon was discharged as HCO3- and CO2 in the treated water. 
A summary of the steps used to determine the aqueous phase, treated discharge water and 
CHG-derived fuel gas is as follows. Revised MCA model (Table 3.8) predicted the mass of 
aqueous phase from a given biomass composition (A100). Mass of biomass N not distributed to 
the biocrude (as predicted by MCA) was fully associated with the aqueous phase (i.e., it was 
assumed there was negligible N in the gas or solid products39). This mass of N was distributed to 
NH3, 3-pyridinol, 1-ethyl-2-pyrrolidinone and N-methylthiopyrrolidone per the ratios listed in 
Table 3.10. %N of these compounds was used to calculate the actual mass of nitrogenous 
compounds, which was subtracted from the total mass of aqueous phase yield. This remainder 
mass was assigned to other aqueous phase components listed in Table 3.10 in order to complete 
both mass and nitrogen balances. This aqueous phase stream (S133) was sent to the CHG process 
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(A200). Sulfur in N-methylthiopyrrolidone (C5H9NS) is removed through a guard bed, forming 1-
Methylpyrrolidine (C5H11N). 56.55 %wt of total carbon in the sulfur-removed aqueous phase 
stream (S249 in Jones et al.) was estimated to partition to the fuel gas product after CHG treatment; 
the remainder ended up in the treated discharge water. Carbon distributed to either stream was 
further distributed to individual compounds following the list in Table 3.10, and the actual mass 
of these compounds calculated using their C contents. About 1% of inflow water was vaporized to 
the gas product; the remainder was discharged. All inflow N was transformed to NH4+ after 
acidification of the post-CHG product and discharged with the treated water. Fuel gas was sent to 
A400 to supplement natural gas for in-house hydrogen production. 60 %wt of both biomass ash 
and HTL solid products was discharged with the treated water. These were assumed to be inert 
during the aqueous phase treatment process and therefore preserved between post-HTL and 
discharge. 
The final plant discharge water stream (Area “Recycle to Ponds”) was treated CHG water 
and water from the hydrotreating process. The reference plant configuration also used the treated 
CHG water to scrub ammonia from hydrotreating and hydrocracking off-gas, resulting in 
additional ammonia partitioning into the water prior to discharge. Phosphates were not modelled 
in the aqueous phase streams and assumed to be lumped within the soluble solid or ash streams, 
which is discharged together with the treated water. While it is likely that the treated water would 
have economic value as an aqueous nutrient-rich stream when recycled to upstream cultivation 
processes,34,42 credits were not given for nutrients (C/N) in the treated water (similar to the 
reference model19), in parity with how the CAP/LEH processes were modeled for in this study 
(i.e., credits were not given for non-fuel type side products in this study). 
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3.6.2.2.3 A300 composition of HTL biocrudes and hydrotreating for naphtha and RDB 
products 
Microalgae HTL biocrude oil is a complex mixture of organic compounds with significant 
amounts of nitrogen, oxygen, and sulfur,33,47 which precludes the use of HTL biocrude without a 
downstream catalytic hydrotreating step to upgrade the biocrudes into fuel blendstocks (i.e., RDB 
and naphtha-grade hydrocarbons;45,48). Three major factors were considered in modifying the 
reference model with respect to the upgrading of biocrudes from varying biochemical 
compositions: (i) the chemical distribution of the biocrude product, modeled in the reference model 
using; (ii) the yield and composition of the upgraded fuel product, modeled in the reference model; 
and (iii) the well-studied changes in biocrude %N due to varying %N in the biomass.33,39 
Although prediction models for the chemical distribution of HTL biocrude due to varying 
microalgae biomass compositions have not yet been developed at the time of writing, literature 
suggests biocrude of varying chemical distributions (from varying biochemical compositions) 
have lesser influence on the yield of hydrotreating product as compared to hydrotreating process 
operating conditions and catalyst selection.45,48,49 Catalytic hydrotreating experiments of HTL 
biocrudes (e.g., 405 °C over sulfided cobalt-molybdenum (CoMo) solid catalysts in the presence 
of H2) from various microalgae species and biomass compositions reported a range of 80 – 85 
%AFDW yield of upgraded products,45 in contrast with similar experiments by Biller et al. 
reporting a larger range of 70 – 90 %wt yield from a single biocrude under differing hydrotreating 
conditions (350 – 405 °C over CoMo catalysts with H248). The chemical make-up of the biocrude 
product was therefore not modeled for in the spreadsheet model; the biocrude product was treated 
as a single lumped component which was passed on to the hydrotreating unit process (A310). 
Yields of the hydrotreated product (pre-distillation combination of off-gas, naphtha, RDB, and 
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heavy oil products) were modeled using a mass balance-basis approach of adding the required 
hydrogen and subtracting water of condensation and N (using the mass of carrier compounds as 
listed below) to/from the inflow dry biocrude. Hydrogen demand and loss of water of condensation 
followed the design basis in the reference model 19, and the MCA was used to estimate biocrude 
%N and therefore the mass lost through hydrotreating (N was assumed to be primarily removed as 
NH3, N2H8SO4, and N2H8CO3 per the baseline model; a trivial portion of N was retained in the 
hydrotreated product piperidine). Using this approach, an overall efficiency from wet biocrude 
inflow to fuel grade hydrocarbons of 78.25% was obtained when reproducing the baseline 
parameters in 19, and so a loss factor (1.5% of hydrotreated biocrude was arbitrarily lost as butane) 
was introduced to match the 77 %wt efficiency as in 19; the overall efficiency still varies with 
composition based on how much nitrogen was lost. The composition of the hydrotreated fuel 
product was modeled using a modified list of compositions (Table 3.11) based on the reference 
model.19 
The hydrotreated product mixture was further subjected to a series of distillations in order 
to separate discharge water and off-gas from the liquid fuel stream, and the liquid fuel stream was 
finally separated into naphtha (gasoline fuel blendstock), RDB, and heavy oil (requiring 
hydrocracking) based on the distillation fractions used in the reference model (approximately <C5 
hydrocarbons as gases, C5 – C10 as naphtha, C11 – C22 as RDB, and remainder as heavy oil;19 
exact distributions in Table 3.11). There is an overall efficiency of about 72 – 80 %wt of the wet 
biocrude inflow to fuel grade hydrocarbons (across all compositions for the three modeled 




A summary of the parameters used for hydrotreating and hydrocracking, along with the 
associated uncertainty for those parameters, is available in Table 3.13, and steps of calculation to 
obtain the hydrotreated mixture, finished fuel products, and discharge water are summarized as 
follows. Biocrude yield and %N of the biocrude were predicted by the revised MCA (Table 3.87). 
H2 demand was assumed to be a fixed value of 4.6 %wt of dry biocrude as per 19. Mass of N in the 
biocrude was calculated and attributed to NH3, N2H8SO4, and N2H8CO3 in the percentages of 
85.4%, 5.9%, and 7.1% of mass of biocrude N, respectively, as calculated from the reference model 
(the trivial remainder was assumed to partition to the hydrotreated product piperidine, although 
this remainder was not rigorously tracked). N content of these compounds was used to determine 
the actual mass of N-containing compounds removed during hydrotreating, which were assumed 
to partition to the discharge water. After subtracting the N-compounds and adding hydrogen 
demand from biocrude mass, 6.9 %wt of the remainder was removed as water of condensation in 
order to obtain the final mass of hydrotreated mixture.19 The composition of the hydrotreated 
product is provided in Table 3.11. The post-hydrotreating stream was separated into off-gas, 
discharge water, and liquid fuel streams using the compound distributions provided in Table 3.11. 
The liquid fuel product was further distilled into naphtha, RDB, and heavy oil using the distribution 
provided in Table 3.11. HTL RDB baseline properties were as follows (see Table 3.13 for more 
details on uncertainty): (i) GGE – 0.9413 as per 19, which gave an RDB heating value of 132094 
BTU·gal-1 based on a gasoline heating value of 124340 BTU·gal-1;50 (ii) Density (25 °C) – 806 
kg·m-3 (averaged using the distributions and densities of compounds listed in Table 3.11). HTL 
naphtha properties were as follows: (i) GGE – 1.00 (assumed gasoline fuel blendstock); (ii) 
Density (25 °C) – 755 kg·m-3, calculated from 19. 
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Heavy oil was further treated using a catalytic hydrocracker (A350) to produce additional 
naphtha and RDB products. Modeling parameters and assumptions were similar to those reported 
in the reference model, and fixed parameters were used for estimating the total cracked product 
(86 %wt of the heavy oil as reported in 19) and hydrogen consumption (1.1 %wt of heavy oil mass 
as calculated from 19). The hydrocracked product was separated into naphtha and RDB using the 
distributions listed in Table 3.12, which were then combined with the respective hydrotreated 
streams as final fuel products (assumed cooled to and stored at 25 °C). Off-gas from hydrocracking 
was combined with hydrotreating off-gas and HTL gas product to supplement natural gas for 
hydrogen production (A400). 
3.6.2.2.4 A400 HTL gas products and in-house hydrogen generation 
Make-up of the HTL gas phase product was assumed not to vary due to feedstock 
composition, in agreement with reports that microalgae HTL gas product is predominantly CO2 (> 
90 %wt) and lesser amounts of CH4 and C2H6.51,52 As such, a single gas phase composition 
following the reference model was used (91.8 %wt, 5 %wt and 3.2 %wt for CO2, CH4 and C2H6, 
respectively19), regardless of the varying gas product yields predicted by the revised MCA (Table 
3.8). HTL gas product was combined with fuel gas generated from CHG of the aqueous phase and 
off-gas from hydrocracking and hydrotreating, and then used to supplement natural gas for 
hydrogen generation in an in-house H2 plant as described in the reference model (conventional 
natural gas based steam reformer; A400;19). Make up natural gas consumption for H2 production 
was scaled from the reference model using Equation 3.6, and uncertainty related to the 
consumption is shown in Table 3.14. All treated gas products (i.e., removed of volatile organic 
hydrocarbons) were discharged as flue gas composed primarily of air and CO2. While the exact 
composition of the discharge flue gas is not modeled, CO2 in all gas product and off-gas streams 
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across the plant was tracked, allowing the spreadsheet analysis to determine total CO2 released 
from the plant (estimated at 88.5 %wt of CO2 in S131, S258, and S367) due to varying biochemical 
compositions. 
3.6.2.2.5 HTL solid products and biomass ash disposal 
HTL solids and biomass ash, collectively termed as biochar, have been proposed as a 
potential source of nutrients when used as fertilizer supplement.53,54 However, quantitative 
information on the recovery, storage, and export of biochar from microalgae HTL plants was 
unavailable at the time of writing. As such, the spreadsheet modeled the processing of biochar 
using the same approach as the reference model 19. A filtration unit post-HTL removed non-soluble 
HTL solids and ash, while the remainder aqueous-soluble biochar was discharged in the treated 
CHG water stream. The yield of HTL solids was modeled using the revised MCA (Table 3.8) and 
distribution of biochar between the filtered and water-soluble fractions is modeled using a single 
fixed 40:60 distribution (filtered and water-soluble, respectively) per the reference model.19 While 
it is likely that the HTL solids would have economic value as a nutrient supplement as mentioned, 
credits were not given for the solids product (similar to the reference model19) in parity with how 
the CAP/LEH processes were modeled for in this study (credits not given for non-fuel type side 
products). 
3.6.2.3 Determination of HTL MDSP and MFSP 
The following section details the approach in determining the TCI as well as annual 
operating costs specific for the HTL process. These costs, along with the annual HTL RDB and 
naphtha production rates, were applied to DCF analysis in order to determine the MDSP and MFSP 
for each biomass composition (in terms of $·gal RDB-1 and $·total GGE-1, respectively), following 
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the approach of several other analyses in the literature.16,20,21 Any specific costing parameters for 
HTL along with their associated uncertainties listed in Table 3.15. 
In general, after mass flows were calculated in the spreadsheet model for a certain 
biochemical composition, total installed cost (TIC) was determined by scaling the original 
equipment mass flows with the new flows and calculating equipment cost using associated size 
ratios and scaling exponents (in a similar approach to the reference model19). Total non-installed 
direct cost (TNC), total indirect cost (TIDC), and working capital were added as a fixed percentage 
of inside battery limits (ISBL), total direct cost (TDC; sum of TIC and TNC), and FCI (sum of 
TDC and TIDC), respectively. Annual operating cost consisted of variable operating costs and 
fixed operating costs as described below. Complete details on calculating all costs are provided in 
the following sections. 
3.6.2.3.1 Estimation of TIC and TCI 
TIC is broken down into ISBL and outside battery limits (OSBL). ISBL includes the 
equipment installed costs of Areas 100, 310, 350, and 200 (i.e., all HTL and associated upgrading, 
and aqueous phase CHG unit processes), while installed costs from other sections of the plant are 
considered OSBL. Actual stream mass flow in the equipment (to determine size ratio, which was 
actual flow divided by original flow; size ratio was in turn used to determine installed costs in 
combination with other scaling factors) was selected using the mass flow of a single stream most 
representative of the piece of equipment (e.g., for HTL conversion of wet biomass, the mass of 
wet slurry in Stream S115 was used). For a minority of equipment where an appropriate stream 
could not be suitably identified, mass flow in the equipment was instead determined using 
Equation 3.6. In calculating ISBL and OSBL, the assumption was made that variations in product 
yields (biocrude, aqueous, gas, solid) have no quantifiable impact on unit process demands other 
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than sizing or related scaling that would be captured by the model (e.g., any potential variations in 
viscosity of the biocrude product would have had negligible impact on installed capital). Land 
costs were assumed to be included in the feedstock costs (due to the cultivation farms being in 
orders of size larger than downstream processing plants, thereby allowing a plant to be sited nearby 
in order to purchase MBSP as “at-the-gate” prices), and thus were assumed to be zero as in the 
baseline.19 
3.6.2.3.2 Annual operating costs 
Annual operating costs were broken down into variable operating costs and fixed operating 
costs. Variable operating costs consisted of process catalysts, utilities (natural gas, electricity, 
water) and feedstock costs. Annual demand of catalysts used for the HTL and upgrading processes 
were scaled by the corresponding stream which consumed those catalysts (e.g., Stream S249 for 
the CHG process catalysts), except H2 plant catalysts which were scaled using Equation 3.6. 
Annual demand for process natural gas (including the demand for drying biomass due to seasonal 
variations in order to maintain a fixed daily feedstock rate) was scaled using Equation 3.6, and 
electricity and natural gas demand followed values reported in the baseline reference (0.8 kWh·gal 
RDB-1 and 1.81 gal water·gal RDB-1 for electricity and water, respectively19). 
Fixed operating cost was determined by staff salary. Managerial positions were fixed from 
the reference model, whereas operator positions were scaled using Equation 3.6. This estimate 
represented the scaling of the overall plant size, and hence labor, due to the difference from the 
reference case in annual average feedstock rate processed by the plant.19 Labor burden, 
maintenance and insurance and taxes were estimated as fixed percentages. 
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3.6.2.3.3 DCF analysis 
Annual fuel production, TCI, and annual operating costs were applied to DCF analysis to 
estimate MDSP and MFSP. It is noted that MDSP and MFSP results are most appropriately viewed 
as “nth-plant” cost estimations, in line with similar TEAs published in the literature,16,19–21 and 
were calculated as and reported in 2011US$. 
3.6.3 Downstream process modeling for CAP 
3.6.3.1 CAP process design reference model  
Plant-scale process modeling for CAP of wet microalgae biomass followed the approach 
previously described in Davis et al. (henceforth referred to as the reference model20). The reference 
model describes a biochemical processing strategy to recover and convert selected microalgae 
biomass components to fuels, namely carbohydrates to ethanol and lipids to a paraffinic RDB 
product with naphtha as a fuel co-product.8,20 The main process chain included dilute acid 
pretreatment, fermentation, lipid extraction, hydrotreating, and anaerobic digestion (AD) of 
extracted algal residues. An overview of the process is briefly summarized in Table 3.16. 
In general, the design basis described in 20 was used as the baseline for product and cost 
calculation. Similar to the approach for modeling HTL of varying biomass compositions, stream 
flows and cost details listed in 20 were imported into a Microsoft Excel spreadsheet and 
reconstructed so that variations in feedstock compositions (i.e., lipid, protein, and carbohydrate 
contents) would lead to different amounts of CAP products, thereby providing new process results 
for each composition data point. CAP process results follow those as defined for HTL – RDB 
product (in terms of gal RDB∙ton AFDW-1) and total fuel products (RDB, naphtha, and ethanol 
reported in terms of total GGE∙ton AFDW-1). Costing was performed using DCF analysis after 
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scaling for capital and operating costs from the reference model to estimate: (i) MDSP as $·gal 
RDB-1, where naphtha and ethanol were credited as fuel co-products using a fixed price (in $·gal-
1; details on co-product credits are provided in Table 3.21); and (ii) MFSP as $·total GGE-1, where 
total GGE included RDB, naphtha, and ethanol GGE. Contrary to the approach in the reference 
model but in parity with how HTL and LEH were modeled in this study, neither credits nor disposal 
costs were associated with non-fuel co-products in this study (e.g., AD digestate cake and CO2 
streams for CAP), which represented the acknowledgement of potential value for those co-product 
streams (e.g., as nutrient sources when recycled for upstream cultivation) but also the relative 
uncertainty in the actual economic value of these co-products. 
Calculations based on this method showed that mass balances between non-water process 
inputs and final plant outputs were closed to within 97.1 – 101.5% for all composition data points 
across the three modeled species. The structure of the CAP Excel model, with modifications from 
the reference model as described herein, was tested by applying the exact parameters as used in 20 
to perform an analysis. Calculated results were 5.19 $·gal diesel-1 and 4.68 $·GGE-1, which were 
within 3% difference compared to the values of 5.05 $·gal diesel-1 and 4.57 $·GGE-1 from the 
reference model (converted from the 4.35 $·GGE-1 in the reference model, and non-fuel co-
products were not given credits to comply with assumptions in current model). The price 
differences mainly came from the modifications for AD (A500), where new models were 
developed to reflect the most recent advances in the related area. Complete details pertaining to 
the spreadsheet model analysis, costing, and associated justifications and assumptions for CAP are 
described in the following sections. The CAP model was identical for all three modeled algae 
species – C. vulgaris; S. acutus; and N. granulata. 
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3.6.3.2 Detailed assumptions and modifications to reference model (except A500) 
3.6.3.2.1 A100 pretreatment and conditioning 
Incoming biomass was pretreated with dilute sulfuric acid (H2SO4) to catalyze the 
hydrolysis of carbohydrates and improve the extraction efficiency of lipids.8,9,55 The slurry was 
then conditioned (neutralized) for fermentation of sugars. In the reference model,20 ammonia gas 
was used for neutralization, which added a significant amount of N and could lead to ammonia 
inhibition in the AD process.9 Therefore, sodium hydroxide (NaOH) was chosen as the substitute 
reagent.8 The amount of H2SO4 is 1 %wt of the feed liquid, and the amount of NaOH demand was 
calculated in stoichiometric quantities to H2SO4 (i.e., 2:1 molar ratio). Similar to HTL, a portion 
of the spring and summer feedstock was dried (heated with natural gas combustion) and stored for 
colder seasons to eliminate seasonal variations, achieving a fixed annual average feedstock rate of 
576 ton AFDW·d-1. 
3.6.3.2.2 A200 fermentation and distillation 
The pretreated and conditioned algal slurry was fermented, and the generated ethanol was 
distilled and purified. DAP was added to maintain a level of 0.67 g DAP·L-1 in the broth to supply 
nutrient demands for the yeast Saccharomyces cerevisiae. Details on the reactor setup and product 
information can be found in 20 and related literature.8,9 
The amount of fermentable carbohydrates was determined as a combination of storage 
carbohydrates (XC,stor) and functional biomass (XCPO); XC,stor was assumed to be 100% fermentable 
while 84% of XCPO was assumed to be fermentable according to 20. Also following 20, 90% of the 
fermentable carbohydrates was assumed to be hydrolyzed during the pretreatment, and finally 95% 
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of the hydrolyzed sugars could be converted to ethanol during fermentation. Impacts of these ratios 
were considered in sensitivity and uncertainty analysis (Table 3.17). 
3.6.3.2.3 A300 and A400 lipid extraction and upgrading 
Extraction of the lipids from the ethanol-distilled slurry was performed using hexane at a 
loading ratio of 5:1 (w/w hexane to dry algae). It should be noted that most (99.5%) of the solvent 
could be recovered and only a small amount of makeup solvent was needed. The extracted lipids 
were hydrotreated to RDB in the upgrading process, where 78.5% and 1.5% of the total extracted 
lipids were converted to RDB and naphtha, respectively. Therefore, yields of RDB and co-product 
naphtha depend on the extracted lipids from algal biomass, which were calculated from the storage 
lipid (XL,stor) and functional biomass (XCPO) contents of the biomass; 100% of XL,stor was assumed 
to be non-polar (fuel-relevant) lipids while 95% of the XCPO was assumed to be fuel-relevant 
according to 20, and the remainder 5% of XCPO lipids was assumed to be polar. Similarly to the 
reference model, 95% of the total fuel-relevant lipids (from both XL,stor and XCPO) and 33% of the 
polar lipids (from XCPO only) were assumed to be extractable, and these assumptions were revisited 
in the uncertainty analysis (Table 3.18). In the upgrading process, hydrogen was supplied for 
hydrotreating and phosphoric acid, silica, as well as clay were added to remove impurities in the 
lipid feed prior to hydrotreating. Details of the conditions and product information are documented 
in 20 and related literature.18 
3.6.3.2.4 A600 and A700 storage and utilities 
Basic facilities were required for the storage of products and were scaled with the product 
(ethanol, RDB, and naphtha) yields. Utilities included water, natural gas for reactor heating (all 
seasons) and drying excess biomass (spring and summer), as well as electricity. The amount of 
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needed water and natural gas to meet facility heat demands were scaled based on feedstock flow 
rate. Natural gas for drying was scaled based on diverted biomass to eliminate seasonal variations. 
The calculation of electricity was more complex, as it was used in all processes but also generated 
in A500 (AD). Electricity demand was calculated for each process based on 20, and was scaled 
using the scaling variables described in Table 3.16. For all feedstock compositions, CAP was able 
to generate more electricity than needed on-site, and the excess electricity was sold to the grid at 
the average wholesale market price in 2016 (converted to 2011US$).56 
3.6.3.3 Detailed assumptions and modifications to reference model for AD 
A new model was developed for the AD unit process to better account for variable 
compositions of the residual biomass and nitrogen inhibition effects under high protein scenarios. 
Recycle of CO2, digester supernatant, and digestate cake were neither assigned credits nor costs. 
Plant-scale process modeling for AD was carried out using a modified version of the AD model 
described by Shoener et al.22 The model utilized a cylindrical concrete type digester operating 
under mesophilic conditions (35 °C) with a 25 d HRT. Because no solid separation occurs in the 
digester, the SRT was equal to the HRT. Digester sizing was therefore determined using the daily 
mass flow rate of CAP waste components and HRT, with maximum digester sidewall depth and 
diameter determined using guidelines from Page 1512 of 36. Digester heat loss (HLoss) was 
predicted using digester dimensions and heat loss coefficients for concrete material assuming an 
outside air temperature of 17 °C and soil temperature of 10 °C to determine heating needs, based 
on the guidelines from Page 1526 of 36. The carbon to nitrogen ratio (C:N) in the digester was also 
considered for digester stability modeling. Literature regarding similar digester feedstocks 
supported a C:N at or above 7 to be stable.23,57–61 For stream scenarios where C:N was below 7, 
yellow grease was added for carbon supplementation as a model co-digestate. Potential inhibitory 
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effects from minor products like ethanol, lactic acid, non-polar lipids and polar lipid impurities, 
and hexane were also considered. 
3.6.3.3.1 Methane production and power output 
Digester methane production was modeled by multiplying each AD feedstock flow, 
including added yellow grease, by its respective biochemical methane potential (BMP). Methane 
potentials for each AD feedstock component were determined using a tiered system ranked from 
most accurate (Method 1) to lease accurate (Method 3). Methods used were determined by 
available literature for each individual compound entering the digester. Method 1 was to have 
methane potential determined from experimental data from cited literature that performed BMP 
assays on the modeled compounds. Method 2 was to have integration of experimental data in the 
form of fraction of biodegraded chemical oxygen demand (COD) for each compound and 
determined methane yield stoichiometrically62 from the proportion of COD degraded. Method 3 
was to stoichiometrically determine methane yield from model compound molecular formulas.60 
A summary of the AD feedstock compounds and their respective BMPs with method of 
determination is shown in Table 3.19. It was assumed that non-fermentable carbs, hexane, sodium 
sulfate, DAP, and ash all had no methane contribution to the model due to lack of biodegradability. 
After accounting for this, digester methane production was then used to determine generated 
electricity by modeling biogas combustion in a combined heat and power (CHP) plant. The sum 
of each compound flow rate (Ci) multiplied by its respective BMP, the energetic content of 
methane of 9.957 kWh·m-3 (36), and an electricity conversion efficiency (ε) modeled at 35%63 were 

















�  × ε [%]          Equation 3.7 
The methane production calculations, and subsequently the total electricity produced, were 
governed by the assumption that digester acclimation could be achieved and stability maintained. 
There is evidence that certain AD feedstock compounds have potential inhibitory effects that could 
influence digester performance and even cause a system crash. Chemicals of concern include 
hexane, non-polar lipids, polar lipid impurities, ethanol, and lactic acid. Hexane has been shown 
to inhibit ATP synthesis, become toxic to cells,64 and results in no additional methane production 
when added to AD.65 Non-polar lipids, modeled here at triolein, was shown to be inhibitory at 
>20% of influent COD.66 Polar lipid impurities, modeled as oleic acid, were shown to be inhibitory 
at a digester concentration of 30 mg·L-1 in one study.67 Inhibition from ethanol was shown to 
decrease digester productivity by around 60% with high digester ethanol concentrations (around 
3.5 mg·L-1).68 Lastly, lactic acid could possibly be inhibitory with high influent concentrations and 
buildup in the digester.69 Given the lack of consistent and defensible data on inhibitory compound 
thresholds (especially when a community is given the opportunity to acclimate), however, no 
specific source of inhibition was included in the model. 
3.6.3.3.2 Digester products 
Along with methane production, biogas fractions of carbon dioxide and hydrogen sulfide 
were modeled to evaluate biogas quality. The fraction of CO2 in the biogas was modeled at 32% 
(v/v).70 Production of H2S was modeled by assuming all sulfur in the AD influent would be 
converted biologically to H2S gas due to the energetic favorability of sulfate as an electron acceptor 
in an anaerobic system. With over 65% (v/v) of the biogas as methane, it is assumed that the biogas 
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quality was high enough for direct combustion after employment of H2S treatment (Page 1521 of 
36). Modeled AD products in the liquid phase included nitrogen and phosphorus species (ammonia 
and DAP). Amounts of these elements exiting the digester were assumed to be equivalent to their 
mass flow entering the digester by assuming an insignificant amount used for cell synthesis and 
ammonification of organic nitrogen. Lastly, solid AD products were modeled to determine 
quantities of digestate cake produced. Influent protein, carbohydrates, and cell mass streams were 
modeled as influent volatile suspended solids (VSSin) while other solids contributing to the total 
influent suspended solids (TSSin) included ash and other insoluble solids streams. The total 
suspended solids leaving the digester (TSSout) was therefore calculated by assuming a volatile 
solids destruction (VSD) value of 45.2%70 to account for net VSS losses. Equation 3.8 below 
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��           Equation 3.8 
3.6.3.4 Determination of CAP MDSP and MFSP 
Similar to 20 and consistent with HTL process modeling, costs were classified into capital, 
operating and financial costs (tax and interests on loan), and applied to DCF analysis to determine 
the MDSP and MFSP (in terms of $·gal RDB-1 and $·total GGE-1, respectively) for calculated 
RDB, ethanol, and naphtha yields. Any specific costing parameters for CAP along with their 
associated uncertainties listed in Tables 3.20 and 3.21. 
3.6.3.4.1 Capital costs scaling from reference model 
Except for A500, capital cost for the rest areas were scaled from 20. Quotation for 
equipment were provided in base year from vendors and engineering subcontractors and adjusted 
147 
 
to 2011US$. Capital costs in this study were scaled using the same method as the HTL model 
(Equation 3.6). Cost of individual equipment cost and corresponding scaling exponents can be 
found in 20). For CAP, A100 to A400 were defined as ISBL and A500 to A700 areas defined as 
OSBL. Calculation of TDC, FCI, and TCI follows the same approaches described in the reference 
model with calculated equipment costs for each feedstock composition. Land cost is assumed to 
be negligible with the conversion plant sited near the cultivation farm, and using only a small 
fraction of the land of the farm.19 In uncertainty analysis, a uniform distribution with ± 10% range 
(90% and 110% of the baseline value as minimum and maximum) is used for ISBL, and A600 – 
A700 of OSBL. Uncertainty parameters for A500-related items are described in the following 
section. 
3.6.3.4.2 Capital cost for AD unit 
Capital cost for A500 was calculated based on flow rate into AD and amount of electricity 
generated. For AD, costing equations dependent on volumetric flow (QMGD, in units of millions of 
gallons per day) and digester volume were extracted from the CapdetWorks modeling program. 
Digester sizing parameters were taken from Page 1512 of 36 using a maximum digester diameter 
of 40 m and maximum depth of 10 m. Using an operating HRT of 25 d, the number of required 
digester units were determined from maximum digester volume and flow rate. For CHP, costing 
was related to generated electricity (EG; kW63). Table 3.20 describes the costing relationships and 
unit costs that govern capital expenditures for Area 500. 
3.6.3.4.3 Annual operating costs 
Annual operating costs included fixed operating cost and variable operating costs. Fixed 
operating costs included labor, maintenance, and property insurance. Similar to HTL, labor costs 
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were divided into managerial (plant manager, plant engineer, maintenance supervisor, and lab 
manager) and other employees (technicians, operators, secretaries, etc.), with the former kept the 
same as in the reference model regardless the change in plant size, and the latter scaled based on 
feedstock flow rate. Maintenance and property insurance costs were calculated based on fixed 
ratios to capital costs using the same assumptions from the reference model. 
Variable operating costs included feedstock, chemicals, materials, and utilities (water, 
electricity, and natural gas). They were calculated based on related stream flow rate hence 
feedstock composition. Except for A500, unit needs for all other processes were scaled using the 
scaling variables as listed in Table 3.21. Unit costs for all chemicals and utilities are listed in the 
corresponding sections and have been converted to 2011US$. Therefore, the variable operating 
cost for each item was the product of unit need and unit cost, with the total cost as a summation of 
all items. Credits from co-products were considered as negative costs and subtracted from the sum. 
For A500, operating needs were not based on the reference model, rather, new relationships 
were developed to reflect the current status of technology. Variable operating costs included 
yellow grease for co-digestion, H2S treatment, polymer for dewatering, and material and supply 
cost. Amount of purchased yellow grease depended on the C:N of flow into AD; if the inflow C:N 
was equal or above 7, then no grease was added; otherwise, yellow grease was added to keep the 
C:N at 7 for digester stability.23,57–61 Cost of H2S treatment was dependent on the amount of H2S 
generated during AD, assuming all inflow S was converted to H2S. Unit costs of yellow grease, 
H2S treatment, and costing relationships for polymer addition and material and supply cost are 
included in Table 3.22. Electricity needs for A500 included digester heating (EH), 
pumping/general operation (EP), and dewatering (ED), with corresponding relationships also listed 
in Table 3.22. Usage for digester heating value was derived by assuming an average outside air 
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temperature of 17 °C and soil temperature of 10 °C and determining heat loss through digester 
floor, roof, and sides. Of special note is that since A500 was also generating electricity, the 
electricity balance of the whole CAP plant was calculated by subtracting total electricity demands 
from total amount of electricity generated in A500. Because A500 was always able to fulfill the 
overall electricity demands, no electricity was purchased, and the extra electricity was sold to the 
grid for credits at the cost listed in Table 3.22. 
3.6.4 Downstream Process Modeling for LEH 
LEH modeling followed the overall design of CAP, except that the fermentation and 
associated ethanol distillation steps were excluded. Design of this process completely followed the 
methods described for CAP, except that A200-related costs (i.e., fermentation/distillation 
equipment cost and DAP addition cost) and product (ethanol) were excluded. RDB and naphtha 
were the only fuel-related products for this process. Calculations based on this method showed 
that mass balances between non-water process inputs and final plant outputs were closed to within 




3.7 Figures and Tables 
 
Figure 3.1 Overview of the processes modeled and their product and co-product streams. Models of 
microalgal cultivation (green box), HTL (Process A, orange boxes), CAP (Process B, dark and light blue 
boxes), and LEH (Process C, light blue boxes) were integrated with biochemical composition (functional 




Figure 3.2 Average annual (A) production rates and (B) MBSP (prices in 2011US$) for C. vulgaris as a 
function of retention time of the carbon-accumulation ponds. Biomass is under nitrogen-deplete conditions, 
leading to a slow net loss (via endogenous respiration) of functional biomass (functional proteins, lipids, 
and carbohydrates) and accumulation of storage carbohydrates and storage lipids. Uncertainty analysis 




Figure 3.3 Average annual (A) biomass composition (beginning as only functional components at time 0), 
(B) RDB yield, (C) total GGE yield, (D) MDSP, and (E) MFSP for C. vulgaris as a function of retention time 
of the carbon-accumulation ponds. HTL, CAP, and LEH biorefineries were sized to process an average of 
190,000 ton AFDW·yr-1 of biomass. CAP and LEH exhibited identical RDB yields. Uncertainty analysis 
results for HTL and CAP are shown as 5th and 95th percentiles (dashed lines); uncertainty for LEH was not 
performed. Results corresponding to the lowest predicted MBSP of C. vulgaris (428 $·ton AFDW-1) are 
indicated with the dotted line and labeled in (D) and (E). Lowest predicted MDSP and MFSP results are 
labeled (orange and with * for HTL; blue and with ^ for CAP; not indicated for LEH), with the corresponding 





Figure 3.4 Comparisons between integrated process modeling of HTL and CAP for (A) RDB yield, (B) total 
GGE yield, (C) MDSP, and (D) MFSP. Compositional regions favoring one conversion process over the 
other are highlighted in orange (HTL favorable) or blue (CAP favorable). Compositional trajectories for each 
of the three microalgae included in this study – C. vulgaris (Chl.), S. acutus (Sce.; differentiated with red 






Figure 3.5 (A–C) Chronological representation of predicted cultivation production rates with uncertainty for 
annual biomass production, storage carbohydrates, and storage lipids, shown as a function of retention 
time in carbon-accumulation ponds, for (A) C. vulgaris, (B) S. acutus, and (C) N. granulata. Shaded areas 
are 5th and 95th percentiles; dotted lines are minimum and maximum values. (D–F) Chronological 
representation of predicted values with uncertainty for MBSP, pond surface area, and annual biomass 
production, shown as a function of retention time of carbon-accumulation ponds, for (D) C. vulgaris, (E) S. 
acutus, and (F) N. granulata. A fixed annual average feedstock rate of 190,000 ton AFDW biomass was 
sold to downstream conversion plants regardless of retention time; excess, if any, was assumed to be sold 





Figure 3.6 Ternary plots showing trajectory of biomass composition over time for (A) C. vulgaris, (B) S. 
acutus, and (C) N. granulata. Shading of median values corresponds to MBSP; darker colors correspond 






Figure 3.7 Average annual (A) biomass composition, (B) RDB yield, (C) total GGE yield, (D) MDSP, and 
(E) MFSP for S. acutus as a function of average hydraulic retention time. Uncertainty analysis results for 
HTL and CAP are shown as 5th and 95th percentiles (dashed lines); uncertainty for LEH was not performed. 
Results corresponding to the lowest predicted MBSP of S. acutus (500 $·ton AFDW-1) are indicated with 
the dotted line and labeled in (D) and (E). Lowest predicted MDSP and MFSP results are labeled (orange 
and with * for HTL; blue and with ^ for CAP; not indicated for LEH), with the corresponding MBSP shown 





Figure 3.8 Average annual (A) biomass composition, (B) RDB yield, (C) total GGE yield, (D) MDSP, and 
(E) MFSP for N. granulata as a function of average hydraulic retention time. CAP and LEH exhibited 
identical RDB yields. Uncertainty analysis results for HTL and CAP are shown as 5th and 95th percentiles 
(dashed lines); uncertainty for LEH was not performed. Results corresponding to the lowest predicted 
MBSP of N. granulata (489 $·ton AFDW-1) are indicated with the dotted line and labeled in (D) and (E). 
Lowest predicted MDSP and MFSP results are labeled (orange and with * for HTL; blue and with ^ for CAP; 






Figure 3.9 Chronological representation of the breakdown of MDSP (where 100%, shown as the dashed 
line, refers to the results as shown in Fig. 2 in the main paper and Fig. S3–S4) shown as the % contribution 
of each cost (positive contribution) or credit (negative contribution, shaded) item for (A) HTL and (B) CAP, 
ordered as C. vulgaris (top), S. acutus (middle), N. granulata (bottom). “Variable op. cost” – All variable 
operating costs except those specifically shown in the figure (biomass cost, and carbon addition for AD for 





Figure 3.10 Results of sensitivity of (A) MBSP, (B) percent lipid, and (C) percent carbohydrates to input 
parameters. Results are shown as Spearman’s rank correlation rho combined for all composition points 
across the three modeled species, and only for parameters with 5th or 95th percentiles >0.2 or <-0.2. The 
chronological evolution of rhos for each parameter and each species is provided as line plots next to the 
parameter, where time refers to the retention time of accumulation ponds. A negative rho indicates an 
inverse correlation between the input parameter and output result. Boxes are 25th and 75th percentiles, 
whiskers show 5th and 95th percentiles, and lines in boxes are median values. Boxes are categorized by 






Figure 3.11 Results of sensitivity of RDB yield, total GGE yield, MDSP, and MFSP to input parameters for (A) HTL 
and (B) CAP. Results are shown as Spearman’s rank correlation rho combined for all composition points across the 
three modeled species, and only for parameters with 5th or 95th percentiles  >0.2 or <-0.2. A negative rho indicates 
an inverse correlation between the input parameter and output result. Boxes are 25th and 75th percentiles, whiskers 
are 5th and 95th percentiles, and lines in boxes are median values. Boxes are categorized by color to indicate the 
nature of the parameter (legend at top right of figure). “RDB Heat. Val.” – RDB heating value in terms of GGE, which 
influences total GGE yield. RDB density influences the volumetric yield of fuels when converting from predicted 
mass yields. “Effic.” – Efficiency. “Ferm. Carbs” – Fermentable carbohydrates.
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Table 3.1 Overview of the algal cultivation system (adapted from 16) 
Unit process 
Area 





Continuous cultivation of algae in the presence of 
nutrients in a series of closed PBRs, covered ponds, 
open/lined ponds, and open/unlined ponds 




Continuous cultivation of algae in the absence of 
nitrogen in open/unlined ponds to achieve lipid and 
carbohydrate storage 
Scaled linearly with solids 
residence time 
CO2 delivery A300 
Delivery, on-site storage, and injection of CO2 to 
A100 and A200, assuming concentrated/ 
pressurized CO2 from power plant flue gas carbon 
capture 
Scaled linearly with SRT; 
CO2 required based on total 
carbon leaving as biomass 
and CO2 losses 
Makeup water 
delivery and on-site 
water circulation 
A400 
Makeup water provided by pipeline transport from 
local freshwater resource; water recovery and 
recycling from A500 
Scaled linearly with A200 
sizing 
Dewatering A500 
Concentrate biomass from A200 effluent through 
gravity settling, membrane filtration, and 
centrifugation (in series) to a final concentration of 
20 %AFDW 
Gravity settler scaled linearly 
with retention time; other 
components fixed based on 
volumetric flow 
Storage A600 
Bulk storage for dewatered algal biomass product as 
well as makeup water, fire suppression water, and 
nutrient inputs 
Scaled linearly with biomass 
production 
* In Davis et al.,16 A200 was the “Inoculum System” and A100 was “Production Ponds”. In Davis et al., A200 included 
growth of algae and A100 included both growth of algae and carbon accumulation by algae. Algae growth and carbon 
accumulation were designed to occur in separate areas in this study (in A100 and A200, respectively), as described 




Table 3.2 Overview of A100 areal productivity (AP) assumptions 
Parameter* Units Distribution Values and citations 
PBR AP g·m-2·d-1 Triangular 31.5, 35, 38.5 16 
Covered pond AP g·m-2·d-1 Triangular 22.5, 25, 27.5 16 
Lined pond AP g·m-2·d-1 Triangular 22.5, 25, 27.5 16 
Unlined pond AP g·m-2·d-1 Triangular 22.5, 25, 27.5 16 
* Parameters listed in this table apply to all three modeled algae species – C. vulgaris, S. acutus, and N. 









calculated value Description 
Value and origin of 
value Units 
αx Stoichiometric parameter 
ATP required for polymerization of 
biomass precursors to active biomass 1.5 
35 mol ATP· C mol XCPO-1 
β1 Stoichiometric parameter 
Power coefficient for carbohydrate 
storage inhibition 2.9 
35 - 
β2 Stoichiometric parameter 
Power coefficient for lipid storage 
inhibition 3.5 
35 - 
δN Stoichiometric parameter 
CO2 production from the catabolism of 
acetyl-CoA to generate reducing power 
for NO3- reduction for assimilation 
0.436 35 C mol CO2· C mol XCPO-1 
δPO Stoichiometric parameter 
Efficiency of oxidative phosphorylation 
(P/O ratio) in mitochondria 2.0 
35 mol ATP· mole NADH2-1 
δx Stoichiometric parameter 
CO2 production from the synthesis of 1 
C-mole of biomass from acetyl-CoA 0.266 
35 C mol CO2· C mol XCPO-1 
ηdark Stoichiometric parameter Dark growth reduction factor 0.70 
35 - 
µmax Kinetic parameter Maximum specific growth rate 1.97 35 d-1 
ρ Stoichiometric parameter Carbohydrate relative preference factor 1.2 
35 - 
ac Stoichiometric parameter 
PAR absorption coefficient on a VSS 
(volatile suspended solids) basis 0.049 
35 m2·g VSS-1 
breactor Design parameter Thickness of reactor along light path 0.25 16 m 
fI Calculated value Irradiance response function Modeled over time - 
fCH Calculated value Ratio of stored carbohydrates to functional cells Modeled over time 
C mol XC,stor· 
C mol XCPO-1 
fmaxCH Stoichiometric parameter 
Maximum achievable ratio of stored 
carbohydrates to functional cells This study, Table S5 
C mol XC,stor· 
C mol XCPO-1 
fminCH Stoichiometric parameter 
Minimum ratio of carbohydrates to 
functional cells This study, Table S5 
C mol XC,func· 
C mol XCPO-1 
fLI Calculated value Ratio of stored lipids to functional cells modeled over time C mol XL,stor· C mol XCPO-1 
fmaxLI Stoichiometric parameter 
Maximum achievable ratio of stored 
carbohydrates to functional cells This study, Table S5 
C mol XL,stor· 
C mol XCPO-1 
fminLI Stoichiometric parameter 
Minimum ratio of stored lipids to 
functional cells This study, Table S5 
C mol XL,func· 
C mol XCPO-1 
Iavg Calculated value Average PAR irradiance Modeled over time µE·m-2·s-1 
In Scenario parameter Maximum incident PAR irradiance 400 
35 µE·m-2·s-1 
Iopt Kinetic parameter Optimal irradiance 300 35 µE·m-2·s-1 
KSTO Kinetic parameter Stored substrate saturation coefficient 1.6 35 C mol XC,stor· C mol XCPO-1 
Kγ Kinetic parameter Photoadaptation coefficient 10-5 35 - 
mATP Kinetic parameter Specific maintenance rate This study, Table S5 mol ATP· C mol XCPO-1·d-1 
q̂CH Kinetic parameter Maximum specific carbohydrate storage rate This study, Table S5 
C mol XC,stor· 
C mol XCPO-1·d-1 
q̂LI Kinetic parameter Maximum specific lipid storage rate This study, Table S5 C mol XL,stor· C mol XCPO-1·d-1 
QN Calculated value Nitrogen quota Modeled over time mol N·C mol XCPO-1 
QP Calculated value Phosphorus quota Modeled over time mol P·C-mol XCPO-1 
R State variable Chlorophyll to carbon ratio Modeled over time g Chl a·g C-1 
SCO2 State variable Soluble carbon dioxide Modeled over time mol C·L-1 
SO2 State variable Dissolved oxygen Modeled over time mol O2·L-1 
XCPO State variable Concentration of carbon-accumulating phototrophic organisms Modeled over time C mol XCPO·L
-1 
XC,func Calculated value Concentration of functional carbohydrates Modeled over time C mol XC,func·L
-1 
XC,stor State variable Concentration of stored carbohydrates Modeled over time C mol XC,stor·L-1 
XL,func Calculated value Concentration of functional lipids Modeled over time C mol XL,func·L-1 
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Table 3.3 Continued 
XL,stor State variable Concentration of stored lipids Modeled over time C mol XL,stor·L-1 
XN State variable Concentration of cell-associated nitrogen Modeled over time mol N·L
-1 
XP State variable Concentration of cell-associated phosphorus Modeled over time mol P·L
-1 
XVSS Calculated value Concentration of volatile suspended solids Modeled over time g VSS·m
-3 
YATP Stoichiometric parameter Yield of ATP on CO2 fixed to G3P 4.78 
35 mol ATP· C mol CO2-1 
YNR,CH Stoichiometric parameter 
Yield of storage carbohydrates (as 
polyglucose, PG) on CO2 fixed to G3P 1.04 
35 C mol XC,stor· C mol CO2-1 
YNR,LI Stoichiometric parameter 
Yield of storage lipids (as 
triacylglycerol, TAG) on CO2 fixed to 
G3P 
0.86 35 C mol XL,stor· C mol CO2-1 
YXCPO Stoichiometric parameter 
Yield of carbon-accumulating 
phototrophic organisms on CO2 fixed to 
G3P 








impacted* Description of process* 
(P1) photoadaptation R 
Dynamic adaptation of the chlorophyll/carbon ratio, R, following the 
approach of Duarte and Ferreira 71 and adapted into a continuous 
expression by Guest et al.35 
(P2) nitrogen uptake XN Nutrient uptake follows Monod kinetics and is dependent on 
internal stores of the nutrient, contributing to intracellular storage 
pools consistent with the Droop (i.e., cell quota) model.72 (P3) phosphorus uptake XP 
(P4) photoautotrophic 
growth XCPO, XN, XP 
Light dependency is modeled using the Eilers-Peeters 
relationship73 with the inclusion of photoadaptation (P1). Growth is 
limited by a single limiting nutrient following Droop formulation.72 
(P5) growth on stored 
carbohydrates 
XCPO, XN, XP, 
XC,stor 
Stored biopolymer (carbohydrate or lipid) degradation for growth 
was modeled as a function of cell quotas (for N and P) and the 
relative fraction of stored biopolymer (fCH, fLI). Stored carbon serves 
as substrate for growth in light and dark conditions. (P6) growth on stored lipids 
XCPO, XN, XP, 
XL,stor 




Maintenance ATP demand (mATP) was met by the degradation of 
storage polymers when available and supplemented with 
endogenous respiration as needed. 






(P10) carbohydrate storage XC,stor Carbohydrate storage was modeled as polyglucose (equivalent to 
starch or glycogen) and lipid storage was modeled as 
triacylglycerol (TAG). Carbon accumulation occurred when growth 
was arrested due to nutrient starvation. 
(P11) lipid storage XL,stor 




Table 3.5 Calibrated PPM parameters used in this study (based on data from 5) 
Parameter Units Distribution* C. vulgaris S. acutus N. granulata 








































Table 3.6 Cultivation modeling cost and design parameters* 
Parameter Units Distribution Value and citation Area 
CO2 cost $·ton-1 Uniform 36.72; 40.8; 44.88 16 A300 
Price of electricity $·kWh-1 Uniform 0.05877; 0.0653; 0.07183 74 System-wide 
PBR cost $·m-2 - 18.22 A100 
Covered, lined pond cost $·100 acre-1 - 5,427,316 A100 
Pond cover cost $·ft-2 - 3.00 A100 
Pond lining cost $·100 acre-1 - 3,097,827 A100 
Uncovered, lined pond cost $·100 acre-1 - 5,427,316 A100 
Unlined pond cost $·5,000 acre-1 Uniform 
142,656,219; 158,506,910†; 
174,357,601 16 A100, A200 
Harris – paddlewheel cost $·unit-1 Uniform 46,800; 52,000; 57,200 16 A200 
Harris – water piping cost $·unit-1 Uniform 61,920; 68,800; 75,680 16 A200 
Harris – excavation cost $·unit-1 Uniform 50,692; 56,325; 61,957 16 A200 
Harris – sump paddlewheel cost $·unit-1 Uniform 91,820; 102,023; 112,225 16 A200 
GAI – channel cost $·unit-1 Uniform 4,500; 5,000; 5,500 16 A200 
GAI – grading cost $·unit-1 Uniform 8,100; 9,000; 9,900 16 A200 
GAI – pump cost $·unit-1 Uniform 33,021; 36,690; 40,359 16 A200 
MicroBio – pond cost $·unit-1 Uniform 14,200; 15,778; 17,355 16 A200 
MicroBio – water piping cost $·unit-1 Uniform 9,158; 10,176; 11,193 16 A200 
MicroBio – berm liner cost $·unit-1 Uniform 8,487; 9,430; 10,373 16 A200 
MicroBio – wiring cost $·unit-1 Uniform 5,670; 6,300; 6,930 16 A200 
Leidos – fine grade cost $·unit-1 Uniform 368,082; 408,980; 449,878 16 A200 
Leidos – PVC pipe cost $·unit-1 Uniform 356,984; 396,649; 436,313 16 A200 
Leidos – paddlewheel cost $·unit-1 Uniform 576,000; 640,000; 704,000 16 A200 
CO2 storage cost $·kg-1·hr-1 - 20.43 A300 
34-in diameter pipe cost $·ft-1 - 148.25 A400 
26-in diameter pipe cost $·ft-1 - 90.49 A400 
20-in diameter pipe cost $·ft-1 - 46.99 A400 
16-in diameter pipe cost $·ft-1 - 44.50 A400 
14-in diameter pipe cost $·ft-1 - 34.36 A400 
12-in diameter pipe cost $·ft-1 - 28.60 A400 
Primary settler cost $·1000 m-3 - 34,300 A500 
Hollow fiber membrane cost $·gal-1·d-1 - 0.64 A500 
Bowl centrifuge cost $·m-3·hr-1 - 4,843.41  A500 
Product storage tank cost $·1000 gal-1 - 558.39  A600 
Makeup water storage tank cost $·1000 gal-1 - 558.39 A600 
* Parameters listed in this table apply to all three modeled algae species – C. vulgaris, S. acutus, and N. granulata. 
Values shown for uniform PDFs are minimum, baseline, and maximum values. All unit costs without a specific 




Table 3.7 Overview of HTL downstream conversion process (adapted from 19) 
Unit process 
Area 
number Description of operation 
Scaling methods and 
key process predictors 
HTL unit 
process A100 
Conversion of whole wet algae 
biomass to HTL biocrude and co-
products 
Product yields: MCA 
Biocrude %N and solids %C: MCA 
CHG unit 
process A200 
Conversion of aqueous phase 
soluble compounds to fuel gas 
and treating water prior to 
discharge 
Fuel gas yields: Fixed percent of carbon in 







Upgrading of HTL biocrude to 
RDB, naphtha, and heavy oil 
(A310); hydrocracking of heavy oil 
to RDB and naphtha (A350) 
Hydrotreating yields: Mass balance on HTL 
biocrude adding H2 less biocrude nitrogen and 
water of condensation 
Hydrocracking yields: Fixed percent of heavy 
oil 
Hydrogen plant A400 In-house production of hydrogen H2 consumption in A310 and A350 
Water discharge “Recycle to ponds”* Discharge of process water Water discharge from A200 and A300 
* In retaining the area number as listed in the reference model for easier referencing, it is made clear that pond recycle 




Table 3.8 Revised MCA model coefficients to achieve mass balance in the HTL process model 
Biomass 
component 
Original MCA7 Baseline coefficients revised for this study* 
Lipids Proteins Carbohydrates Lipids Proteins Carbohydrates 
Biocrude 0.85 0.45 0.22 0.85 0.45 0.20 
Aqueous - 0.24 - 0.15 0.48 - 
Gas - 0.07 0.46 - 0.07 0.42 
Biochar (solids) - - 0.41 - - 0.38 
Sum of 
component 85% 76% 109% 100% 100% 100% 
* Remainder of lipids (15%) and proteins (24%) were assumed to report to the aqueous phase, respectively. Sum 
of carbohydrate products was adjusted down from 109% to 100% by reducing the contributions to biocrude, gas, 




Table 3.9 Uncertainty for MCA modeling parameters* 
Parameter Units Distribution Value and citation 
Biocrude from lipids† - Triangular 0.692; 0.846; 1.000 7 
Biocrude from proteins - Normal 0.445 ± 0.030 7 
Biocrude from carbohydrates (baseline revised) - Normal 0.205 ± 0.050 7 
Gas from proteins - Normal 0.074 ± 0.020 7 
Gas from carbohydrates (baseline revised) - Normal 0.418 ± 0.030 7 
Biocrude nitrogen - Normal 0.133 ± 0.005 7 
Biomass %N (in terms of conversion factor from biomass protein 
content)‡ - Uniform 
4.302; 4.780; 5.258 
40 
* Values shown for uniform and triangular PDFs are minimum, selected baseline, and maximum values. PDFs for 
normally distributed PDFs are average (also equal to the selected baseline) +/- standard deviation, unless otherwise 
stated. The predictors for aqueous phase and solid products were used to close the mass balances of each 
biochemical component (i.e., to 100 %AFDW) based on how the five listed MCA predictors varied through LHS 
sampling, and were therefore excluded from uncertainty analysis. † A triangular distribution for the biocrude predictor 
was used to cap the maximum to 1.0 to maintain the lipid component mass balance. ‡ Uncertainty was performed for 
biomass %N using the conversion factor (biomass protein %AFDW divided by conversion factor equals biomass %N), 




Table 3.10 Distribution of aqueous phase compounds and carbon in CHG treated fuel gas and water 
Compound 
10a  10b‡   
% of N 
distributed* 
Distribution of aqueous phase 




S259  %C 
CO2 0% 24.4%  21.59% 1.21%  27.29% 
H2O 0% –  – –  0% 
NH3 85.2% 0%  0% 0%  0% 
CH4 0% 0%  72.28% 0.18%  74.87% 
C2H6 0% 0%  1.63% 0%  79.89% 
C3H8 0% 0%  4.50% 0%  81.71% 
NH4+ 0% 0%  0% –  0% 
H3O+ 0% 0%  0% –  0% 
HCO3- 0% 0%  0% 98.61%  19.68% 
METHANOL 0% 18.0%  0% 0%  37.48% 
ETHANOL 0% 3.6%  0% 0%  52.14% 
ACETONE 0% 3.6%  0% 0%  62.04% 
FORMACID 0% 36.0%  0% 0%  26.10% 
ACEACID 0% 10.8%  0% 0%  40.00% 
GLYCEROL 0% 3.6%  0% 0%  39.13% 
3-PYRDOL 7.4% 0%  0% 0%  63.15% 
1E2PYDIN 2.6% 0%  0% 0%  63.69% 
C5H9NS 4.8% 0%  0% 0%  52.13% 
C5H11N 0% –  0% 0%  70.53% 
Compound names follow those as used in 19. “–” indicates the compounds are present in the stream but not modeled 
for using this table. * Percent distribution of mass of biomass nitrogen not distributed to the biocrude. † Percent 
distribution of mass of aqueous phase product not associated with nitrogenous compounds. ‡ Percent distribution 




Table 3.11 List of hydrotreated biocrude product stream distributions 
Compound 




















H2 –  0% 0% 10.52%‡ –  0%  0% 
H2O –  96.49% 0% 3.51% 100.0%  0%  0% 
NH3 –  70.24% 0% 29.76% 100.0%  0%  0% 
CH4 2.28%  0% 0% 100.0% 100.0%  0%  74.87% 
C2H6 2.92%  0% 0% 100.0% 100.0%  0%  79.89% 
C3H8 1.65%  0% 0% 100.0% 100.0%  0%  81.71% 
N-C4H10 0.87%  0% 0% 100.0% 100.0%  0%  82.66% 
N-PENTAN 0.68%  0% 54.06% 45.94% 100.0%  100.0% 0% 0% 100.0%  83.23% 
HEXANE 0.41%  0% 78.38% 21.62% 100.0%  100.0% 0% 0% 100.0%  83.62% 
ETHYLBEN 2.04%  0% 98.29% 1.71% 100.0%  100.0% 0% 0% 100.0%  90.50% 
2MBUTAN 0.41%  0% 44.49% 55.51% 100.0%  100.0% 0% 0% 100.0%  83.23% 
2MPENTA 0.41%  0% 72.25% 27.75% 100.0%  100.0% 0% 0% 100.0%  83.62% 
2MHEXAN 0.41%  0% 87.36% 12.64% 100.0%  100.0% 0% 0% 100.0%  83.90% 
HEPTANE 0.41%  0% 91.03% 8.97% 100.0%  100.0% 0% 0% 100.0%  83.90% 
CC6-METH 1.02%  0% 92.49% 7.51% 100.0%  100.0% 0% 0% 100.0%  85.63% 
PIPERDIN 0.41%  15.51% 83.68% 0.81% 100.0%  100.0% 0% 0% 100.0%  70.53% 
TOLUENE 1.02%  0% 95.60% 4.40% 100.0%  100.0% 0% 0% 100.0%  91.25% 
3MHEPTA 1.02%  0% 95.93% 4.07% 100.0%  100.0% 0% 0% 100.0%  84.12% 
OCTANE 1.02%  0% 97.23% 2.77% 100.0%  100.0% 0% 0% 100.0%  84.12% 
ETHCYC6 0.41%  0% 97.56% 2.44% 100.0%  100.0% 0% 0% 100.0%  85.63% 
O-XYLENE 1.02%  0% 98.70% 1.30% 100.0%  100.0% 0% 0% 100.0%  90.50% 
C9H20 0.41%  0% 98.79% 1.21% 100.0%  100.0% 0% 0% 100.0%  84.28% 
PROCYC6 0.41%  0% 99.19% 0.81% 100.0%  100.0% 0% 0% 100.0%  85.63% 
C3BENZ 1.02%  0% 99.19% 0.81% 100.0%  100.0% 0% 0% 100.0%  89.94% 
C10H22 0.20%  0% 100.0% 0% 100.0%  95.1% 4.9% 0% 100.0%  84.41% 
C4BENZ 1.22%  0% 99.73% 0.27% 100.0%  15.6% 84.4% 0% 100.0%  89.49% 
C11H24 2.04%  0% 99.84% 0.16% 100.0%  0.7% 99.3% 0% 100.0%  84.52% 
C10H12 2.04%  0% 99.75% 0.25% 100.0%  0.1% 99.9% 0% 100.0%  90.85% 
C12H26 2.04%  0% 100.0% 0% 100.0%  0% 100.0% 0% 100.0%  84.61% 
1234NA 1.02%  0% 100.0% 0% 100.0%  0% 100.0% 0% 100.0%  90.85% 
C6BENZ 2.04%  0% 100.0% 0% 100.0%  0% 100.0% 0% 100.0%  88.82% 
12346N 2.04%  0% 100.0% 0% 100.0%  0% 100.0% 0% 100.0%  90.35% 
C7BENZ 2.04%  0% 100.0% 0% 100.0%  0% 100.0% 0% 100.0%  88.56% 
C8BENZ 2.04%  0% 100.0% 0% 100.0%  0% 100.0% 0% 100.0%  88.35% 
C10H16O4 1.84%  13.52% 86.48% 0% 100.0%  0% 100.0% 0% 100.0%  59.98% 
C15H32 6.12%  0% 100.0% 0% 100.0%  0% 100.0% 0% 100.0%  84.81% 
C16H34 18.36%  0% 100.0% 0% 100.0%  0% 100.0% 0% 100.0%  84.86% 
C17H36 8.16%  0% 100.0% 0% 100.0%  0% 100.0% 0% 100.0%  84.91% 
C18H38 4.08%  0% 100.0% 0% 100.0%  0% 99.96% 0.04% 100.0%  84.95% 
C19H40 4.08%  0% 100.0% 0% 100.0%  0% 98.9% 1.10% 100.0%  84.98% 
C21H44 4.08%  0% 100.0% 0% 100.0%  0% 6.5% 93.55% 100.0%  85.04% 
C23H48 4.08%  0% 100.0% 0% 100.0%  0% 0.2% 99.84% 100.0%  85.09% 
C30H62 0.20%  0% 100.0% 0% 100.0%  0% 0% 100.0% 100.0%  85.22% 
C20H42 10.20%  0% 100.0% 0% 100.0%  0% 99.97% 0.03% 100.0%  85.02% 
C24H38O4 0.82%  0% 100.0% 0% 100.0%  0% 5.1% 94.9% 100.0%  73.80% 
C26H42O4 1.02%  0% 100.0% 0% 100.0%  0% 0% 100.0% 100.0%  74.60% 
N2H8SO4 –  100.00% 0% 0% 100.0%  0%  0% 
N2H8CO3 –  100.00% 0% 0% 100.0%  0%  12.50% 
Compound names follow those in 19. * Distribution in Column 11a is represented as a percentage of mass of inflow 
dry biocrude with added H2 (4.6 %wt of dry biocrude) and less mass of N-containing compounds. The sum down 
Column 11a is 100%. “–” indicates the compounds are present in the stream but not modeled for using this table. 
† Distribution in Column 11b is represented as a percentage of the mass of the respective compound (i.e., the sum 
across each row is 100%). ‡ H2 in S339 is modeled as a percentage of hydrogen post hydrotreating; the remainder 
is recycled within the hydrotreating unit. ^ Distribution in Column 11c is represented as a percentage of the 
respective compound’s mass in S334 (i.e., the sum across each row 100%; S334). 
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Table 3.12 Distribution of hydrocracked product* 
Compound Naphtha S386 RDB S389 %C 
HEXANE 1.17% 0% 83.62% 
HEPTANE 11.8% 0% 83.90% 
OCTANE 8.5% 0% 84.12% 
C9H20 6.3% 3.3% 84.28% 
C10H22 0.1% 12.3% 84.41% 
C11H24 0% 17.7% 84.52% 
C12H26 0% 13.9% 84.61% 
C13H28 0% 9.8% 84.69% 
C14H30 0% 4.9% 84.76% 
C15H32 0% 3.4% 84.81% 
C16H34 0% 2.0% 84.86% 
C17H36 0% 0.5% 84.91% 
C18H38 0% 0.1% 84.95% 
C19H40 0% 0.5% 84.98% 
PHYTANE 0% 0.03% 85.02% 
CYCHEX 3.7% 0% 85.63% 
Compound names follow those as used in 19. * Distribution is represented as 
a percentage of mass of total hydrocracked fuel product (sum of all cells in 




Table 3.13 Modeling parameters relevant to A300, A310, and A350* 
Parameter Units Distribution Value and citation Area 
Hydrotreating H2 consumption – % of dry 
biocrude % Uniform 4.131; 4.590; 5.049 
19 A310 
Hydrotreating inefficiency – % of 
hydrotreated biocrude lost as butane % Uniform 0; 1.5; 10 (
19 and this study) A310 
Hydrocracking yield – % of heavy oil % Uniform 77.4; 86.0; 94.6 19 A350 
RDB density kg·m-3 Triangular 750; 806; 850 19,50 A300 
Naphtha density kg·m-3 Triangular 700; 755; 755 19,50 A300 




Triangular 125,000; 132,094; 139,000 
19,50 
(or 0.995; 0.941; 0.895)† A300 
* Values shown for uniform and triangular PDFs are minimum, selected baseline, and maximum values. † Using a 




Table 3.14 Modeling parameters relevant to A400* 
Parameter Units Distribution Value and citation 
Natural gas consumption for in-house hydrogen 
production lb CH4∙h
-1 Uniform 1,159; 1,288†; 1,417 19 
* Values shown for uniform PDFs are minimum; selected baseline; and maximum values. † Scaled down from 




Table 3.15 HTL costing parameters and uncertainty analysis* 
Parameter Units Distribution Value and citation Area 
Individual installed 
costs for process areas 
within ISBL (A100, 
A200, A310, A350) 
2011US$ Uniform 90%, 100%, 110% 
(of costs as scaled from the baseline 
in 19 using material flows from varying 
compositions and/or annual average 
feedstock rate with Equation 3.6) 
A100, A200, 
A310, A350 
TIC for OSBL† 2011US$ Uniform OSBL 
Total annual catalyst 
costs‡ 2011US$ Uniform System-wide 
Natural gas price $·1000 scf-1 Uniform 3.5173; 3.9081; 4.2989 74 System-wide 
Electricity price $·kWh-1 Uniform 0.05877, 0.0653, 0.07183 74 System-wide 
Water price $·metric ton-1 Uniform 0.198, 0.22, 0.242 20 System-wide 
Total fixed operating 
costs $·yr
-1 Uniform 
90%, 100%, 110% 
(of costs as scaled from the baseline 
in 19 using annual average feedstock 
rate with Equation 3.6) 
System-wide 





Triangular 2.5721, 2.6214, 2.6912 74 System-wide 
Biomass cost as 
predicted by cultivation 
modeling 
$·ton AFDW-1 Uniform 
5th percentile, baseline, 95th percentile 
(actual values vary by composition as 
predicted by cultivation modeling) 
System-wide 
* Values shown for uniform and triangular PDFs are minimum, selected baseline, and maximum values. All 
prices are in 2011US$. † Uncertainty was performed on total OSBL installed costs as a single lump sum. ‡ 
Uncertainty was performed on total annual catalyst costs (sum of catalyst costs from hydrotreating, 




Table 3.16 Overview of CAP downstream conversion process (adapted from 20) 
Unit process Area Description of operation Scaling method 
Pretreatment 
and conditioning A100 
Pretreatment of algal biomass with sulfuric acid, and pH 
conditioning with sodium hydroxide for fermentation. Feedstock flow rate 
Fermentation 
and distillation A200 
Fermentation of sugars in algal slurry, and distillation and 
purification of the ethanol broth. Residual solids routed to 
lipid extraction (A300). 
Feedstock 





Lipid extraction of residual solids from A200; extracted oil 
routed to purification and upgrading (A400); aqueous phase 
routed to AD (A500). 






Purification and upgrading of extracted oil with RDB as the 
primary product and naphtha as a co-product; aqueous 
phase routed to AD (A500). 
Flow to lipid upgrading 
AD A500 
AD of waste streams from A300 and A400; combustion of 
generated biogas for electricity; dewatering of digestate 
cake. 
Calculated from AD 
model 
Storage A600 Storage for products. Calculated product yields 




Table 3.17 Modeling parameters relevant to A200* 
Parameter Units Distribution Value and citation 
Fermentable carbohydrates to total carbohydrates ratio for functional 
biomass (XCPO) - Uniform 
80%; 84%; 100% 75–
77 
Carbohydrate hydrolysis ratio for all fermentable carbohydrates 
(storage carbohydrates XC,stor and fermentable carbohydrates from 
XCPO) 
- Triangular 60%; 90%; 100% 55 




Table 3.18 Modeling parameters relevant to A300 and A400* 
Parameter Units Distribution Value and citation Area 
Non-polar (fuel relevant) lipids to total 
lipids ratio for functional biomass (XCPO) - Uniform 90%; 95%; 100% 
5 A300 
Non-polar (fuel relevant) lipids 
extraction ratio - Triangular 87%; 95%; 100% 
55,78 A300 
Polar lipids extraction ratio - Uniform 0%;† 33%; 50%† 20 A300 
RDB density kg·m-3 Triangular 750; 768; 850 20,50 A400 
Naphtha density kg·m-3 Triangular 700; 730; 755 20,50 A400 





125,000; 130,430; 139,000 
20,50 
(or 0.995; 0.953; 0.895)‡ 
A400 
* Values shown for uniform and triangular PDFs are minimum, selected baseline, and maximum values. † 
The baseline value of 33% is from 20, the minimum value of 0% and maximum value of 50% were arbitrarily 
determined as there was no available literature data at the time of writing. ‡ Using a gasoline heating value 












Non-polar lipids Triolein, C57H104O6 0.992 2 79 
Polar lipid impurities Oleic acid, C18H34O6 0.514 1 80 
Proteins CH1.57O0.31N0.29S0.007 0.322 2 81 
Sugars Glucose, C6H12O6 0.286 1 68 
Non-fermentable carbs Sucrose, C12H22O11 0 - - 
Insoluble carbs Glucan, (C6H10O5)n 0.184 1 82 
Ethanol C2H6O 0.610 1 68 
Hexane C6H14 0 - - 
Furfurals HMF, C6H6O3 0.450 1 83 
Lactic acid C3H6O3 0.373 3 62 
Sodium sulfate Na2SO4 0 - - 
DAP (NH4)2HPO4 0 - - 
Cell mass CH1.8O0.5N0.2 0.165 1 84 
Ash CaO 0 - - 
Co-digestate carbon (yellow 





Table 3.20 Capital costing relationships and parameters for A500* 




$·digester-1 1,061,308 Uniform 90%; 100%; 110% of baseline value for uncertainty analysis 87 
Digester earthwork $·digester-1 133,100 Uniform 90%; 100%; 110% of baseline value for uncertainty analysis 87 
Pumping (CP) $ 209941 + 78497 × QMGD Uniform 90%; 100%; 110% of baseline value for uncertainty analysis 87 
Piping $ 3.6 × CP Uniform 90%; 100%; 110% of baseline value for uncertainty analysis 87 
Gravity belt 
thickener/filter press $ 
(8133310 × QMGD) + 
2402376 Uniform 
90%; 100%; 110% of baseline 
value for uncertainty analysis 87 
CHP $ 1332 × EG Triangular 851; 1332; 1814 × EG 63 
* Values shown for uniform and triangular PDFs are minimum, selected baseline, and maximum values: All prices 




Table 3.21 Operational costing parameters for all areas except A500* 
Parameter Units Distribution Value and citation Area 
A100 operating cost 
(except for biomass cost) $·yr
-1 Uniform 
Unit value ($ per unit weight of chemicals) 
according to 20; Baseline varies ($·yr-1) by 
needed quantity required by each 
composition; 90%; 100%; 110% of baseline 
value for uncertainty analysis 
A100 
A200 operating cost $·yr-1 Uniform A200 
A300 operating cost $·yr-1 Uniform A300 
A400 operating cost $·yr-1 Uniform A400 
A700 operating cost $·yr-1 Uniform A700 





Triangular 2.6955; 2.7276; 2.7634 74 System-wide 
Total fixed operating 
costs $·yr
-1 Uniform 
90%, 100%, 110% 
(of costs as scaled from the baseline in 20 
using annual average feedstock rate with 
Equation 3.6) 
System-wide 
Naphtha credit, natural 
gas price, electricity 
price†, water price, 
biomass cost 
Same as HTL, see Table 3.15 
* Values shown for uniform and triangular PDFs are minimum, selected baseline, and maximum values: All prices 




Table 3.22 Operational costing relationships and parameters for A500* 
Description Unit Cost/Costing equation Distribution Value and Citation 
AD C:N ratio - - Uniform 6; 7; 8 23,57–61 
Yellow grease unit cost $·lb-1 - Triangular 0.1702; 0.2126; 0.2396 88 
H2S treatment unit cost $·ton S-1 - Triangular 291; 436; 582 89 
Polymer addition – 
dewatering lb·yr
-1 1000000 × QMGD Uniform 90%; 100%; 110% of baseline value for uncertainty analysis 87 
Material and supply cost $·yr-1 0.81% of total capital cost of A500 Uniform 
90%; 100%; 110% of baseline value 
87 
Electricity selling price $·kWh-1 
Weighted average of 
2016 wholesale market 
price 
-† Baseline value 0.0276 56  
Electricity – generated 
from CHP (EG) kWh·yr
-1 Calculated from Equation 3.7 -
† - 
Electricity – digester 
heating (EH) kWh·yr




kWh·yr-1 405455 + (1000000 × QMGD) -
† 87 
Electricity – dewatering 
(ED) kWh·yr
-1 256952 + (3000000 × QMGD) -
† 87 
* Values shown for uniform and triangular PDFs are minimum, selected baseline, and maximum values: All prices are 
in 2011US$. † Electricity credits are calculated as selling price × (EG - EH - EP - ED). A uniform distribution with 90%, 




Table 3.23 Comparisons of MFSPs from other biorenewable feedstocks and processing pathways* 





($∙total GGE-1) Citation 
C. vulgaris microalgae HTL RDB 6.09 This study 
C. vulgaris microalgae CAP RDB 5.33 This study 
Lignocellulosic biomass 





(syngas to methanol to liquid 
octane) 
RDB 3.41 91 
Lignocellulosic biomass 
(corn stover) Ethanol fermentation Ethanol 3.55 
92 
Waste vegetable oil Biodiesel transesterification RDB 3.78 93,94 
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CATALYTIC CONVERSION OF 3-HYDROXYBUTYRIC ACID TO PROPYLENE 
OVER AMORPHOUS SILICA-ALUMINA IN THE VAPOR PHASE1 
4.1 Abstract 
3-hydroxybutyric acid (3HB) is a hydroxy-acid which can be produced from renewable 
sources including biosynthesis by engineered microorganisms feeding on waste carbon feedstocks, 
and depolymerization of wastewater organic carbon-derived polyhydroxybutyrate (PHB). This 
presents unique opportunities for waste-derived 3HB to serve as feedstock for production of 
renewable hydrocarbon fuels through catalytic conversion pathways, thereby advancing 
technological pathways towards wastewater biorefineries. This study evaluated vapor-phase 
catalysis for conversion of 3HB into propylene through dehydration-decarboxylation (DHYD-
DCBX) over amorphous silica-alumina (ASA), focusing on examining the influence of varying 
Brønsted-Lewis acidities of ASAs on conversion and product selectivity, as well as longer-term 
time-on-stream stability. Complete conversion of 3HB was observed with propylene yields 
between 50–55 %C for SiAl 3113 during initial time-on-stream (6 h) testing (theoretical maximum 
yield of 75 %C), but yields decreased to 40 %C after 70 h with no indication of stabilized 
performance. Recalcination of spent catalyst was unable to restore activity, and results from 
artificially steam-treated SiAl 3113 (i.e., 3HB absent from the feed) suggest deactivation due to 
steam-induced structural changes, with reductions in surface area and pore volumes observed 
similar to the spent catalyst. Propylene selectivity observed with different ASAs appeared to track 
with reported Brønsted acidities.  In addition, Na+ blocking of Brønsted acid sites proved effective 
 
1 A modified version of Chapter 4 is currently being prepared for submission. 
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in decreasing propylene yields, supporting the role of Brønsted acidity for DHYD-DCBX of 3HB 
over ASAs. 
4.2 Introduction 
Ever-increasing societal energy demands and wastewater generation have contributed to a 
growing impetus for wastewater treatment plants (WWTPs) to transition into renewable resource 
production facilities (herein referred to as wastewater biorefineries).1,2 The development of such 
biorefineries requires technologies to supplant traditional anaerobic digestion (AD) processes, 
which suffers from insurmountable limitations such as low energy density and difficulties in 
transport of the gaseous AD product.3,4 More recent developments posit that influent organic 
carbon and nutrients could instead be funneled through biological accumulation of storage 
products (e.g., bacterial biopolymers or microalgal fatty acids),5,6 which can subsequently be 
processed through refinery technologies into more energy-dense and ubiquitous commercial 
products (e.g., renewable fuel blendstocks).7,8 One promising strategy involves retrofitting 
conventional WWTP processes to produce biomass enriched in the biopolymer 
polyhydroxybutyrate (PHB; a polyester of 3-hydroxybutyric acid or 3HB; Figure 4.1). This is 
typically accomplished by enrichment of a mixed culture capable of high levels of 
polyhydroxyalkanoate (PHA) accumulation by applying a feast-famine regime on conventional 
activated sludge biomass, followed by accumulating PHB in a side-stream batch reactor by feeding 
the selected mixed culture with low-value organic carbon feedstocks, such as waste 
biogas/methane or fermentation acids from municipal solid waste.9–11 Research on this general 
approach has continued to spur innovations such as achieving PHB accumulation of up to 50–90 
%cdw in mixed cultures,9,12,13 and treating wastewater to regulatory standards at the pilot-scale 
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concurrent with selection of PHB-accumulating mixed cultures, showing a clear potential for 
integration of PHB production with current WWTPs.10,14,15 
While successfully demonstrated as a biological funneling pathway for recovery and 
storage of waste organic carbon, a number of critical issues has prevented widespread commercial 
application of waste-derived mixed-culture PHB. Recovery of PHB from within cell biomass 
remains dominated by techniques employing costly organic solvents,16,17 and PHB derived from 
mixed-cultures continues to be plagued by poor material properties crucial for biopolymer 
applications.16–18 Concurrent efforts to biologically synthesize 3HB through metabolic engineering 
of select microorganisms could alleviate such problems by providing a direct pathway to a valuable 
platform chemical,19,20 but at present such 3HB biosynthesized on high-purity carbon sources is 
limited to specialty pharmaceutical applications;19 production of 3HB from wastewater organic 
carbon sources may also be restricted from entering such markets due to purity concerns. 
Recognizing the advantage of waste organic carbon recovery through PHB/3HB funneling, 
we propose that waste-derived PHB/3HB can better serve as feedstocks for renewable fuel 
production through the processing scheme as depicted in Figure 4.1. PHB extracted from the cell 
biomass through mild aqueous-phase techniques21,22 can be depolymerized under hydrothermal 
conditions to produce a dilute aqueous stream of hydroxy and alkenoic acid monomers (i.e., 
typically 1 %wt or less of 3HB and its dehydration analogue crotonic acid, depending on reported 
titers in the literature).10,23 Following from recent reports on the conversion of γ-valerolactone 
(GVL) to butene, we propose that the acid monomers can be converted to propylene via vapor-
phase dehydration-decarboxylation (DHYD-DCBX) reactions catalyzed by solid acid catalysts 
(SACs; e.g., amorphous silica (SiO2) on alumina (Al2O3), or simply ASA).24,25 This propylene can 
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be purified as an industrial feedstock chemical or oligomerized over a second set of SACs (e.g., 
Amberlyst 70) to produce liquid renewable fuel blendstocks.25 
While the proposed integrated process presents a credible pathway towards the production 
of renewable fuel blendstocks from waste organic carbon streams, DHYD-DCBX of 3HB over 
ASAs remains the least-understood step within the integrated process chain, given that 
hydrothermal depolymerization of PHB and alkene gas oligomerization steps have been explored 
to some degree.23,25 In particular, ASAs can be synthesized to achieve varying ratios of Brønsted 
and Lewis acidities, e.g., by modifying the amount of silica loaded on alumina,26–28 and preference 
for predominant Brønsted or Lewis acidity (or even a mixture of either acidities) of the ASA 
largely depends on the feedstock compound, nature of the reaction, and target products.29 
Understanding the role of material acidity on 3HB conversion and propylene carbon selectivity is 
necessary to inform material selection and customization towards achieving optimal catalyst 
activity. Another important facet is longer-term stability of ASAs in the presence of superheated 
steam (i.e., vapor-phase conditions).30,31 Given that coking-based deactivation of ASAs is likely 
reversible through in situ recalcination,32 whereas structural damage due to superheated steam is 
likely permanent – thereby suggesting implications to overall process cost and feasibility – it is 
necessary to elucidate the nature of catalyst deactivation for vapor-phase DHYD-DCBX of 3HB 
over ASAs. 
Addressing a critical link in the integrated PHB-to-fuel pathway, this study reports on 
vapor-phase catalysis for DHYD-DCBX of 3HB, focusing on evaluating the influence of varying 
Brønsted-Lewis acidity of ASAs on conversion kinetics and product selectivity. Experiments were 
performed with a continuous down-flow packed-bed reactor using commercially available ASAs 
synthesized with varying silica:alumina ratios, as well as the use of Na+-exchanged catalyst 
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samples to determine the contribution of Brønsted acidity (given the nature of Na+ to block 
Brønsted sites).33,34 Extended time-on-stream activity measurements (i.e., 70 h) with down-
selected catalysts were coupled with materials characterization to evaluate catalyst deactivation 
mechanisms and potential for regeneration through recalcination. Intellectual contributions 
derived from addressing these questions will establish a fundamental understanding 3HB-to-
propylene conversion steps within the larger PHB-to-fuel pathway, which further work can build 
upon towards the realization of biofuel production from wastewater organic carbon. 
4.3 Methods 
4.3.1 Catalysts 
Grace DAVICAT® SiAl 3113 and SiAl 3125, with 13 %wt and 25 %wt of alumina content 
and the remainder silica, respectively, was obtained from Grace Davison. γ-Al2O3 was obtained 
from Strem Chemicals (13-2525). All catalyst samples were calcined in air (450 °C, 3 h, 200 °C∙h-
1 heat rate) prior to use, with no other modifications. Na+-exchanged SiAl 3113 was prepared 
according to methods as described elsewhere (briefly, poisoning of Brønsted sites with 1 M NaCl 
solution kept at 60 °C and pH of 11.5).33 
4.3.2 Flow reactor experiments and product analysis 
Continuous flow experiments were carried out in a packed-bed down-flow continuous 
reactor (schematic shown in Figure 4.7). Aqueous solutions of 3HB (Millipore Sigma) in water 
(20 g∙L-1) were delivered (0.3 mL∙min-1 typically, or adjusted as necessary depending on the tested 
catalyst to maintain a WHSV of 0.1 h-1) using a HPLC pump (Scientific Systems) together with 
an inert sweep gas (pure N2 at 40 sccm as controlled by a mass flow controller from Brooks 
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Instrument) into a pre-heated (200 °C) mixing zone upstream of the reactor bed to vaporize the 
solution mixtures prior to encountering the catalyst bed. Catalysts were packed in a 16.5” long, 
0.5” outer diameter 316 stainless steel tube with an inert coating (SilcoTek) on the internal surface, 
where packing was kept within an isothermal zone in the tube (identified between 8.5” and 11.5” 
of the tube) with the remainder void filled with 1 mm borosilicate glass beads (Millipore Sigma) 
and ends plugged with quartz wool (Acros Organics). Temperature was monitored using an 
internal thermocouple centered within the isothermal zone and heated using a clam-shell ceramic 
furnace (Verder Scientific) enclosed around the tube, and reaction temperature was regulated using 
a PID controller (Opto 22). Following test experiments, a reaction temperature of 350 °C was 
selected for experiments conducted in this study (minimal variances in conversion and propylene 
carbon selecitivity across 325–375 °C as demonstrated in Figure 4.8). System pressure was 
controlled using a piston-sensing backpressure regulator (Swagelok). The post-reaction product 
stream was cooled using a tube-in-tube heat exchanger and then separated with a stainless steel 
vapor-liquid separator (Parr Instruments). The aqueous byproduct stream was collected using a 
bottom drain valve fitted on the vapor-liquid separator for analysis. Volumetric flow of the gaseous 
stream was measured using a gas flow calibrator (Mesa Labs) and gas samples were collected for 
analysis in ALTEF gas sampling bags (Restek). Hydrocarbon gases were quantified with GC-FID 
(Thermo Fisher Scientific Trace 1310 GC with an FID and a Restek Alumina BOND/MAPD 
column), and CO2 was quantified with GC-TCD (Thermo Fisher Scientific Trace 1310 GC with a 
TCD and a Supelco Carboxen® 1010 PLOT column). Aqueous-soluble products were analyzed 
via HPLC (Shimadzu Prominence HPLC system with a PDA detector and a Waters Spherisorb® 
ODS2 column). All compounds (gaseous or aqueous) were identified and quantified by matching 
retention times with pure compounds at known concentrations. 
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4.3.3 Catalyst stability and deactivation 
Flow reactor time-on-stream stability experiments were performed by maintaining 
continuous flow experiment conditions (Section 4.3.2) for 70 h with periodic sampling. The spent 
catalyst was recovered from the reactor bed post-experiment and recalcination was performed on 
a sub-sample by calcining at 550 °C for 3 h (200 °C∙h-1 heat rate) to remove visible signs of 
carbonaceous deposits (i.e., colorless quality restored; see photographs as shown in Figure 4.12); 
this “recalcined” catalyst was then tested under similar conditions to virgin catalysts. Steam 
treatment was performed by flowing pure steam (i.e., identical conditions to the stability 
experiment, except without 3HB in the liquid feed) for 66 h prior to introducing the 3HB feed 
(thereby providing the first data point at 68 h with 2 h time-on-stream of 3HB). N2 physisorption 
characterization was performed for the virgin catalyst and catalysts post-experiment (i.e., spent, 
recalcined, and steam-treated). Specific surface area, total pore volume, and average pore diameter 
were determined by N2 physisorption after degassing at 250 °C overnight (Quantachrome 
Quadrasorb SI); the Brunauer-Emmett-Teller (BET) method was used to calculate specific surface 
area, and the Barrett-Joyner-Halenda (BJH) method was used to calculate pore volumes and pore 
diameters. 
4.4 Results and discussion 
4.4.1 Vapor-phase DHYD-DCBX of 3HB over ASAs 
Results of on-stream catalytic DHYD-DCBX of 3HB over SiAl 3113 is shown in Figure 
4.2. Complete conversion of 3HB was observed (Figure 4.2A), with propylene yields between 
50–55 %C and approximately equimolar concentrations of CO2 (average of 1:0.95 moles of CO2 
to propylene based on yields shown in Figure 4.2A) as the corresponding DCBX co-product. The 
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remainder carbon balance was distributed between acetic acid and acetaldehyde. Experiments 
performed without catalysts packed in the reaction tube (i.e., a “blank” reaction; Figure 4.2B) 
revealed near-identical yields of acetic acid/acetaldehyde as compared to that with SiAl 3113, and 
that unconverted crotonic acid and 3HB under uncatalyzed conditions was matched with observed 
propylene and CO2 yields over SiAl 3113 (comparison of dashed lines in Figure 4.2), indicating 
that any unconverted acid feedstock not lost to acetic acid/acetaldehyde would result in 
propylene/CO2. An experiment conducted with crotonic acid replacing 3HB as the feedstock 
(Figure 4.3) showed a higher yield of propylene as compared to 3HB (65–70 %C), and 
correspondingly lower but nonetheless significant acetic acid/acetaldehyde yields (total of around 
10%C), which suggests crotonic acid being oxidized to 3HB which then decomposes into acetic 
acid/acetaldehyde. These observations from results in Figures 4.2 and 4.3 therefore provide 
evidence for a reaction network for ASA-catalyzed, vapor-phase DHYD-DCBX of 3HB which 
consists of two pathways as shown in Figure 4.4 (Scheme 1), where the favored Pathway 1 
proceeds through the DHYD intermediate crotonic acid which then undergoes DCBX to yield 
propylene; some of this crotonic acid might revert to 3HB to undergo Pathway 2. Undesirable 
competition from Pathway 2 results in the formation of acetaldehyde and acetic acid – the 
experimentally observed larger-than-equimolar yields of acetic acid (average of 1:1.38 moles of 
acetaldehyde to acetic acid for a 3HB feed) is likely a result of oxidation of portions of 
acetaldehyde under the vapor-phase conditions. 
Scheme 1 (Figure 4.4) is further supported in part by previous studies which have observed 
acetic acid and acetaldehyde at significant concentrations for GVL over γ-Al2O3 (up to 16 %wt of 
GVL),29 which the authors attributed to a competing retro-aldol condensation pathway catalyzed 
by the basicity of γ-Al2O3, given that negligible quantities of acetic acid and acetaldehyde were 
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observed over SiAl 3113; others have similarly observed 56.8% conversion of 3-butenoic acid 
(3BEA; a vinyl analog of crotonic acid) with 100% selectivity to butene and no observed formation 
of acetic acid or acetaldehyde over SiAl 3113.35 Other than the fact that different starting 
feedstocks were used (GVL or 3BEA vs. 3HB), comparison of reaction conditions between these 
reports and the work performed in Figure 4.2 suggest that the significantly higher concentrations 
of water in the feedstock/steam passing over the catalyst (2 %wt in water in this study as compared 
to typical concentrations of 20–30 %wt in water in the literature29,35) could potentially induce 
conditions in the catalyst bed favorable towards Pathway 2; influence of reaction temperature is 
eliminated since acetic acid/acetaldehyde yields were fairly constant across 325–375 °C (Figure 
4.8). Given that aqueous concentrations on the order of g∙L-1 are typically expected from 
biologically derived wastewater PHB/3HB based on reported titers in the literature,10,19,20,36 further 
work will be needed to fully elucidate the conditions leading to increased acetic acid/acetaldehyde 
yields – including differences in feedstock, concentration in water, as well as other operational 
factors (e.g., sweep gas flow rate, pre-heat vaporization temperature, system pressure) – with a 
goal of reducing carbon lost to Pathway 2. For example, the role of high water concentrations can 
be further examined by systematically varying the water content (e.g., between 0.1–20 %wt 3HB 
in water, where experiments in this study were performed at 2 %wt) while maintaining all other 
reaction conditions, and performing the experiments for an unpacked reactor bed (i.e., “blank” 
reaction such as Figure 4.2B) – having previously established that the acetic acid/acetaldehyde 
yields observed were similar for catalyzed/uncatalyzed reactions. Assuming that the formation of 
these products were indeed the result of high water concentrations, experiment results would reveal 
decreasing acetic acid/acetaldehyde yields with decreasing water content. Overall, results in 
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Figure 4.2 demonstrate the production of propylene from 3HB, as well as the necessity of acidic 
properties of the ASA to catalyze the reaction. 
4.4.2 Comparison of ASAs with varying Brønsted acidities 
ASAs with varying Brønsted and Lewis acidities were tested to determine the influence on 
activity promoting propylene selectivity during vapor-phase DHYD-DCBX of 3HB. In an effort 
to determine the role of Brønsted acidity, Na-SiAl 3113 (where Brønsted sites are capped by Na+-
exchange33) was also prepared and tested accordingly. Material acidic properties are summarized 
in Table 4.1, and propylene yields for the various catalysts are shown in Figure 4.3. Propylene 
selectivity appeared to track with reported Brønsted acidities given that the highest yields were 
obtained with SiAl 3113, followed by SiAl 3125 and then γ-Al2O3 (with decreasing Brønsted 
acidities as shown in Table 4.1). Additionally, Na+ blocking of Brønsted acid sites with Na-SiAl 
3113 proved effective in decreasing propylene yields (reduction to around 10 %C shown in Figure 
4.5), thereby supporting the role of Brønsted acidity for DHYD-DCBX of 3HB over SiAl 3113. 
Preference for Brønsted acidity in promoting DHYD and DCBX reactions have previously 
been observed for a number of similar vapor-phase reactions over ASAs (e.g., conversion of GVL 
to butenes;29 conversion of glycerol to acrolein33), whereas Lewis acidity has been favored for 
activity towards isomerization of longer-chain alkene products into linear alpha olefins at the 
expense of overall alkene yields (e.g., conversion of GVL specifically to 1-butene over γ-Al2O3 
with 43% total butene yields and 92% selectivity for 1-butene among all butenes29). Although this 
trade-off between Brønsted and Lewis acidity does not appear to be immediately relevant for 
DHYD-DCBX of 3HB given that the alkene product (i.e., propylene) has no isomers with regards 
to the position of the double bond, achieving a high density of highly Brønsted acidic sites might 
not be possible without presence of alumina in the ASA (i.e., the presence of aluminum in vicinity 
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to the silanol group is thought to promote Brønsted acidity27,37), which would lead to intrinsic 
Lewis acidity on the ASA. Furthermore, evidence from carbon balances of 3HB over SiAl 3125 
and γ-Al2O3 (Figure 4.9) – where lower propylene/CO2 yields were matched with larger yields of 
acetic acid/acetaldehyde (sum of around 45 %C and 60 %C for SiAl 3125 and γ-Al2O3, 
respectively), which is possibly attributable to the increased presence of Lewis acidity and/or 
basicity due to the higher loadings of γ-Al2O329 – suggests that further work will be needed to 
better understand the influence of alumina loadings and resultant Brønsted/Lewis acidity towards 
identifying suitable catalyst materials able to promote propylene selectivity while minimizing 
activity promoting Pathway 2 (Scheme 1). 
4.4.3 Time-on-stream stability and steam treatment 
Another important facet is longer-term stability of ASAs in the presence of superheated 
steam (i.e., vapor-phase conditions).30,31 Previous work exploring vapor-phase DCBX of GVL 
over ASAs have suggested coke deposition as the primary mechanism for catalyst deactivation,28,32 
with qualitative claims of restoration of activity upon recalcination of the catalyst to restore color 
(i.e., no results were shown for tests with recalcined catalysts).25,32 However, these experiments 
were performed with significantly more concentrated feedstocks in water (20–30 %wt in water as 
previously mentioned). Furthermore, extensive literature studying the structural stability of 
mesoporous ASAs under superheated steam have collectively shown that susceptibility of 
structural properties and surface functional groups to exposure by superheated steam varies 
significantly across reaction conditions, reactants, and material properties of the ASAs.30,38 Given 
that coking-based deactivation of ASAs is likely reversible through in situ recalcination, whereas 
structural damage due to superheated steam is likely permanent – thereby suggesting implications 
to overall process cost and feasibility – it is necessary to elucidate the nature of catalyst 
209 
 
deactivation for vapor-phase DHYD-DCBX of 3HB over ASAs, especially with the use of dilute 
acid feedstocks such as those employed in this study. 
Based on the high propylene selectivity as demonstrated by SiAl 3113 during initial time-
on-stream testing (Figure 4.5), longer time-on-stream performance was evaluated to determine the 
influence of vapor-phase conditions and the DHYD-DCBX chemistry on ASA stability. Over the 
course of 70 h propylene activity degrades steadily as shown in Figure 4.6, which was matched 
with increasing presence of crotonic acid suggesting the lost of active sites to promote conversion 
(i.e., reverting to a “blank” state such as Figure 4.2B), while acetic acid/acetaldehyde yields 
remained consistent throughout the experiment (Figure 4.10). Similar to previous reports,28 a 
noticeable color change was observed between the virgin catalyst and spent catalyst recovered 
after 70 h time-on-stream (Figure 4.12), which visually suggests the formation of coking deposits. 
While recalcination of the spent catalyst was able to restore color (Figure 4.12), activity with the 
recalcined catalyst was not restored to levels displayed by virgin catalysts (Figure 4.5). Inspection 
of N2 physisorption results (Table 4.2) reveals reductions in both BET specific surface area (565 
m2∙g-1 to 344 m2∙g-1) and pore volume (0.85 cm3 to 0.78 cm3) between the virgin and spent catalyst; 
such permanent structural damage is not likely to be restored upon removal of deposited coke 
through recalcination (minimal changes between the spent and recalcined catalyst in Table 4.2). 
Elimination of coking deposits as the principal mechanism of deactivation suggests that 
lost in activity as observed in Figure 4.6 was instead principally the result of steam-induced 
deactivation, which has been proposed to result from sintering (leading to reduction of surface area 
and/or damage of porous structure),39,40 as well as dealumination (a phenomenon described as the 
separation of aluminum from the silica-alumina framework, thereby reducing Brønsted acidity 
when separated from silanol groups as previously mentioned38,41). Results displayed by artificially 
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steam-treated SiAl 3113 as shown in Figure 4.6 and Table 4.2 further corroborate the detrimental 
effects of strong steam conditions. Propylene yield was significantly reduced (30–35 %C) after 
passing steam over virgin material without any carbon in the feedstock, and reductions in surface 
area and pore volumes were observed similar to the spent catalyst, both observations of which 
strongly suggest that losses in surface area/pore volume found in the spent catalyst is likewise the 
result of the vapor-phase conditions. While the role of vapor-phase conditions has been identified 
in this study to contribute towards long-term time-on-stream catalyst deactivation, further work in 
the form of material characterization beyond surface area and pore properties will be needed to 
establish the exact mechanisms – for example, spatial atomic distribution of individual Si and Al 
atoms in the material framework which can reveal clustering of Al atoms,38 thereby indicating 
dealumination – which will be important in informing the design and synthesis of catalysts with 
high propylene selectivity but also resistant towards attack by vapor phase conditions. 
4.5 Conclusions 
 Conversion of 3HB to propylene through a DHYD-DCBX pathway catalyzed by ASAs 
under vapor-phase conditions has been demonstrated in this work, with particular importance of 
Brønsted acidities in order to promote propylene selectivity shown through catalyst testing. Time-
on-stream deactivation in propylene yields is clarified to be a result of the vapor-phase conditions 
as opposed to coking-based mechanisms, which suggests the need for informed catalyst material 
selection and synthesis in order to ensure long-term stability, given that recalcination to restore 
activity is not an option during processing. Opportunities for further work to continue establishing 
the collective understanding of processing dilute feedstocks over ASAs under vapor-phase 
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Figure 4.1 Proposed integrated processing schematic for conversion of wastewater-derived PHB/3HB to 
renewable fuel blendstocks, with a simplified chemical pathway to show major intermediates and products. 
The scope of this study focuses on the ASA-catalyzed DHYD-DCBX of 3HB to propylene in the vapor-




Figure 4.2 Carbon selectivity (as %C of inflow 3HB feed) results for 3HB over SiAl 3113 (A) and no catalyst 
(B) shown for the first 6 h time-on-stream. Reaction conditions: 350 °C, 0.1 h-1 WHSV of 3HB, 40 sccm N2 
at 55 psig (gaseous products sampled at atmospheric pressure). Data points with error bars show the mean 
of duplicate reactions with min/max values where duplicates were performed (up to 4 h for (B)). Dashed 




Figure 4.3 Carbon selectivity (as %C of inflow crotonic acid feed) results for crotonic acid over SiAl 3113 
shown for the first 6 h time-on-stream. Reaction conditions: 350 °C, 0.1 h-1 WHSV of 3HB, 40 sccm N2 at 
55 psig (gaseous products sampled at atmospheric pressure). 
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Figure 4.5 Propylene carbon selectivity (as %C of inflow 3HB feed) results for 3HB reaction over tested 
catalysts shown for the first 6 h time-on-stream. Catalyst characteristics are shown in Table 1. Reaction 
conditions: 350 °C, 0.1 h-1 WHSV, 40 sccm N2 at 55 psig (gaseous products sampled at atmospheric 
pressure). Data points with error bars show the mean of duplicate reactions with min/max values where 
duplicates were performed (up to 4 h for SiAl 3125). Complete product distributions for the same 




Figure 4.6 Time-on-stream stability of virgin SiAl 3113 for DYHD-DCBX of 3HB up to 70 h (A) compared to 
steam-treated SiAl 3113 (B), and recalcined SiAl 3113 recovered from the 70 h experiment (C). Reaction 
conditions: 350 °C, 0.1 h-1 WHSV, 40 sccm N2 at 55 psig. Recalcination conditions: 550 °C for 3 h (200 
°C∙h-1 heat rate)  Carbon selectivity (as %C of inflow 3HB feed) is shown for propylene and crotonic acid; 
complete carbon distribution results are provided in Figures 4.10 and 4.11. No unconverted 3HB was 









Figure 4.8 Carbon selectivity (as %C of inflow 3HB feed) results for 3HB over SiAl 3113 at bed 
temperatures of 325 °C, 350 °C, and 375 °C, shown for 4 h time-on-stream. Reaction conditions: 0.1 h-1 
WHSV of 3HB, 40 sccm N2 at 55 psig (gaseous products sampled at atmospheric pressure). Data points 
with error bars show the mean of duplicate reactions with min/max values where duplicates were performed 




Figure 4.9 Carbon selectivity (as %C of inflow 3HB feed) results for 3HB reaction over (A) SiAl 3125, (B) 
Na-SiAl 3113, and (C) γ-Al2O3 shown for the first 6 h time-on-stream. Reaction conditions: 350 °C, 0.1 h-1 
WHSV, 40 sccm N2 at 55 psig (gaseous products sampled at atmospheric pressure). Data points with error 
bars show the mean of duplicate reactions with min/max values where duplicates were performed (up to 4 




Figure 4.10 Carbon selectivity (as %C of inflow 3HB feed) of virgin SiAl 3113 for DYHD-DCBX of 3HB up 
to 70 h time-on-stream (A) and recalcined SiAl 3113 (B) recovered from the 70 h experiment. Reaction 
conditions: 350 °C, 0.1 h-1 WHSV, 40 sccm N2 at 55 psig. Recalcination conditions: 550 °C for 3 h (200 




Figure 4.11 Carbon selectivity (as %C of inflow 3HB feed) of steam-treated SiAl 3113 for DYHD-DCBX of 
3HB up to 6 h time-on-stream. Virgin SiAl 3113 was steam-treated for 66 h prior to starting 3HB feedstock 





Figure 4.12 Photographs showing (A) virgin SiAl 3113, (B) spent SiAl 3113, (C) recalcined spent SiAl 3113, 




Table 4.1 Brønsted and Lewis acidities for tested catalysts from the literature (μmol∙g-1) 
Catalyst Brønsted Acid Sites Lewis Acid Sites Citation 
SiAl 3113 546 136 Wang et al. 201329 
SiAl 3125 110 520 Shayib 201141 
γ-Al2O3 0 219 Wang et al. 201329 
Na-SiAl 3113 0* 136* Assumed* 
*Values for Na-SiAl 3113 were assumed based on analysis performed for Na+-exchange of 
niobium oxide in the literature utilizing the same technique (8 μmol∙g-1 to 0 μmol∙g-1 Brønsted acid 




Table 4.2 Surface area, pore volume, and pore diameter data for virgin, spent, recalcined, and 
steam-treated SiAl 3113 





Virgin 565 0.85 4.4 
Spent* 344 0.78 5.7 
Recalcined 332 0.78 5.7 
Steam-treated† 345 0.79 5.6 
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SUMMARY AND FUTURE WORK 
5.1 Summary and Conclusions 
This goal of this thesis was to contribute towards the development of technological 
pathways for the production of liquid hydrocarbon fuel blendstocks from wastewater organic 
carbon and effluent nutrient streams by addressing critical barriers associated with either pathway 
using multi-disciplinary experimental and modeling approaches. The following research 
objectives were achieved in pursuit of this goal: (i) quantitative predictive models for microalgae 
hydrothermal liquefaction (HTL) processing were developed, including an improved component 
additivity model and a new predictive model formulation that can be more easily applied to diverse 
microalgae species and HTL conditions; (ii) a unified TEA modeling framework for integrated 
microalgae biofuel systems was developed to understand the influence of varying biomass 
compositions for varying downstream aqueous processing pathways; (iii) research and 
development pathways for microalgae biofuel systems were identified and prioritized by 
identifying key system variables through sensitivity and uncertainty analysis based on the unified 
modeling framework; and (iv) vapor-phase continuous-flow catalysis for dehydration-
decarboxylation of 3HB to produce propylene was evaluated, with a focus on Brønsted-Lewis 
acidity of ASAs and catalyst deactivation mechanisms. 
A component additivity model (predicting biocrude yield from lipid, protein, and 
carbohydrates) was calibrated based on HTL of Nannochloropsis oculata batches harvested with 
a wide range of compositions and a defatted batch, and was quantitatively demonstrated to be more 
accurate predicting literature yields for diverse microalgae species than previous additivity models 
derived from model compounds. FA profiling of the biocrude product showed strong links to the 
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initial feedstock FA profile of the lipid component, demonstrating that HTL acts as a water-based 
extraction process for FAs; the remainder non-FA structural components could be represented 
using the defatted batch. A new FA-based model that predicts biocrude oil yields along with other 
critical parameters, and capable of adjusting for the wide variations in HTL methodology and 
microalgae species through the defatted batch, was also developed. The FA model was linked to 
an upstream cultivation model (Phototrophic Process Model), providing the basis for an integrated 
modeling framework to perform predictive analysis of the overall microalgal-to-biofuel process. 
The unified modeling framework showed that cultivating biomass compositions to achieve 
the minimum biomass selling price or to maximize lipid content led to sub-optimal fuel production 
costs. Furthermore, depending on biomass composition, both hydrothermal liquefaction and 
Combined Algal Processing were shown to have advantageous minimum product selling prices, 
which supports continued investment in multiple conversion pathways. This work has 
demonstrated the potential viability of HTL and CAP conversion processes or, more broadly, both 
whole biomass processing and fractionation pathways for microalgal biomass conversion to 
biofuels. This finding supports continued investment in research and development of such multiple 
competitive conversion pathways to reduce long-term risk and provide industry with a portfolio of 
technological solutions that can be tailored to locality- and market-specific scenarios. Based on 
these results as well as data from sensitivity analysis, specific recommendations were made for the 
prioritization of research and development pathways to achieve economical biofuel production 
from microalgae including these results demonstrate that neither downstream conversion process 
is inherently more favorable than the other, and that both are likely to be viable within biomass 
compositional regions more suited to the principal mechanisms of the conversion technology and 
whether or not co-products may be included in the overall process integration. 
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Efforts to evaluate vapor-phase catalysis for conversion of 3HB into propylene through 
DHYD-DCBX over ASAs using a continuous flow reactor has addressed several key questions 
related to the use of 3HB as a feedstock for conversion to propylene. Complete conversion of 3HB 
was observed with propylene yields between 50–55 %C for SiAl 3113 during initial time-on-
stream (6 h) testing, but yields decreased to 40 %C after 70 h with no indication of stabilized 
performance. Recalcination of spent catalyst did not restore activity, and results from artificially 
steam-treated SiAl 3113 suggest deactivation due to steam, with reductions in surface area and 
pore volumes observed similar to the spent catalyst. Propylene selectivity appeared to track with 
reported Brønsted acidities, additionally, Na+ blocking of Brønsted acid sites proved effective in 
decreasing propylene yields, supporting the role of Brønsted acidity for DHYD-DCBX of 3HB 
over ASAs. 
5.2 Recommendations for Future Work 
 Based on the work conducted in the thesis, implications for future research directions are 
described below: 
• Prediction of microalgae hydrothermal liquefaction products from feedstock biochemical 
composition. The analyses of HTL products derived from Nannochloropsis batches 
cultivated with systematically varying compositions were used to inform the development 
of two predictive models for HTL biocrude yield, with the FA model able to predict other 
important outputs of the process (e.g., aqueous phase product yield, %CHNO, HHV). 
While the FA model does not render the additivity model obsolete; it is expected that the 
additivity model would have lower barriers-to-entries of use given that the proximate 
analytical suite (i.e., lipid, carbohydrate, protein) is generally less complex compared to 
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FAMEs analysis and calibration via HTL of a defatted batch. As such, opportunities for 
future work include expanding upon the suite of biochemical compositions and reaction 
conditions used to calibrate the additivity model in this study in order to fully characterize 
the influence of a wider range of compositions/conditions on prediction accuracy. 
Furthermore, the possibility exists to calibrate a multi-component additivity model which 
predicts HTL product yields and properties from specific biochemical fractions as opposed 
to a lumped additivity model as developed in this study, thereby further expanding and 
improving upon prediction tools used for modeling integrated microalgae-biofuel systems. 
• A unified modeling framework to advance biofuel production from microalgae. Beyond 
TEA results, it is important to note that other factors not mechanistically modeled in this 
analysis may also play a role in system design. For instance, stochastic or qualitative factors 
should also be considered, including culture stability (e.g., resistance to crashes) in the 
accumulation ponds at longer retention times1 and challenges in scaling up either 
downstream process.2 On-going and future research may circumvent these challenges (e.g., 
metabolic engineering of microalgae to achieve target compositions without the need for 
long term nutrient starvation),3 the value of which can only be quantified through integrated 
modeling platforms linking cultivation and downstream processing (as developed in this 
study). Future work targeting increased areal productivities in scalable cultivation systems 
should aim to include monitoring of biochemical composition over 24-hour cycles to 
reduce the uncertainty around growth and carbon storage kinetics, which is a critical step 
towards improving the accuracy of MBSP projections. Specific recommendations for 
whole biomass processing techniques (e.g., HTL) include a need to reduce uncertainty 
surrounding conversion parameters of individual compounds (e.g., stored carbohydrates), 
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which can be achieved by expanding the library of compositions and microalgae species 
used for model calibration and validation while also developing predictions for biocrude 
oil and hydrotreated RDB product quality. Transitioning away from smaller-scale 
experimental samples towards pilot-scale or continuous-flow demonstrations would also 
provide higher fidelity prediction models for integrated system design. For biomass with 
higher concentrations of storage biopolymers, fractionation approaches (i.e., CAP) can 
provide a platform for more economical biofuels given the potential to produce a portfolio 
of valuable products from the separated fractions, such as fermentation of sugars to produce 
succinic acid instead of ethanol, isolating algal sterols (e.g., for conversion to surfactants), 
or upgrading of a portion of lipids to polyurethanes.4,5 Another key opportunity for 
fractionation-type processes would be the development of improved methods for the 
valorization of the protein fraction of biomass. One possible approach for this would be 
the integration of HTL-type thermochemical side-stream processes for conversion of the 
proteinaceous fraction to biocrude oil, thereby replacing AD as the primary treatment for 
protein residuals. The proposed research objectives focuses on microalgae biomass 
harvested from designated open-pond photoautotrophic cultivation systems (i.e., with fresh 
water and nutrient inputs where applicable) in order to address key questions related to 
integration with downstream processes and development of full-scale microalgae biofuel 
systems. Towards the vision of processing biomass derived from microalgae wastewater 
treatment as a strategy for wastewater biorefineries as previously discussed, future work 
can seek to develop or build upon biomass prediction models designed for 
photoautotrophic cultivation of biomass utilizing wastewater effluent nutrient inputs in 
combination with meeting treatment discharge targets as a priority.6,7 The modularity of 
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downstream process models to be developed in this study further promotes analysis of a 
variety of predicted biomass sources – models are fairly agnostic to the source of 
microalgae feedstocks, although there will certainly be room for improvement through 
future work to account for mixed culture biomass (i.e., combination of multiple species as 
opposed to pure cultures) as typically observed in wastewater-derived microalgae.8  
• Catalytic conversion of 3-hydroxybutyric acid to propylene over amorphous silica-alumina 
in the vapor phase. Given that aqueous concentrations in the order of g∙L-1 are typically 
expected from biologically derived wastewater PHB/3HB based on reported titers in the 
literature,9,10 further work will be needed to fully elucidate the influence of high water 
vapor concentrations, particularly on catalyst longevity and promotion of pathways leading 
to lost of carbon for propylene yields (i.e., production of acetic acid/acetaldehyde). Further 
work will be needed to better understand the influence of alumina loadings and resultant 
Brønsted/Lewis acidity towards identifying suitable catalyst materials able to promote 
propylene selectivity while minimizing activity promoting the formation of acetic 
acid/acetaldehyde. While the role of vapor-phase conditions has been identified in this 
study to contribute towards long-term time-on-stream catalyst deactivation, further work 
in the form of material characterization beyond surface area and pore properties will be 
needed to establish the exact mechanisms – for example, spatial atomic distribution of 
individual Si and Al atoms in the material framework which can reveal clustering of Al 
atoms,11 thereby indicating dealumination – which will be important in informing the 
design and synthesis of catalysts with high propylene selectivity but also resistant towards 
attack by vapor phase conditions. 
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